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ABSTRACT
In Association football, often referred to as “soccer”, competitive match play is typically
known to represent the greatest physical demand that players experience. The demands
associated with match running performance may impact training outcomes and injury risk. As
a result, practitioners evaluate these demands to ensure that performance is optimised. To assist
in this process, global positioning systems (GPS) are typically used to quantify displacement
variables and, more recently, the interaction between running speed and acceleration. However,
traditional player monitoring methods tend to apply identical and somewhat arbitrary
displacement, velocity and acceleration bands to describe movement “intensity”, and thus to
determine individual work capacities. Using the same bands to determine individual work
capacity when monitoring a team however is problematic, as this method does not provide a
true reflection of work capacities relative to each individual. Therefore, the ability to determine
measures of intensity specific to the physical performance of each individual could provide the
practitioner with greater accuracy when evaluating physical demands.
Since physical demand (i.e. external load) varies between matches, the match-to-match
variability of external loads in match play were quantified in Study 1 to determine the number
of matches needed to quantify performance changes. Twenty (n=20) sub-elite soccer players
from a National Premier League (NPL) team (age, 19.1 ± 1.2 y; body mass, 72.4 ± 2.7 kg)
volunteered for the study. GPS data were collected during the 2017 season and 416 individual
match samples were collected from 26 NPL matches (13 home and 13 away). At the end of
each match, GPS data were downloaded to Team AMS proprietary software and exported to
Microsoft Excel creating individual performance profiles for each competitive game. Rolling
averages were analysed across 6 specific durations (1, 5, 10, 60, 300, 600 s) for each player,
with a maximum value for each specific duration recorded in speed (maximal mean speed
[MMS] the highest speed values found when averaged over the six durations within each
match) and metabolic power (maximal mean metabolic power [MMPmet] maximal estimated
metabolic power when data were averaged over the six durations within each match). Matchto-match coefficients of variation (CV) were greatest for sprint-speed running distance (36.343.6%) when comparing 2 versus 10 matches. CVs for maximal mean speed (4.9-7.0%) and
metabolic power (4.4-9.6%) ranged from good to moderate. Greater consistency, indicated as
moderate to good reliability, was found when data were averaged over a minimum of four
matches. Furthermore, a greater variability in absolute high-speed displacement measures
suggests that its use as a performance indicator was not as good as maximal mean analyses.
ii

Instead, the lower variability found in MMS and MMPmet variables suggest that they could be
reliable alternatives to typical displacement measures.
In Study 2, the validity and reliability of MMS, MMPmet, critical speed (CS; the speed value
that defines the boundary between steady-state and non-steady state exercise) and critical
metabolic power (CPmet; the metabolic power value that defines the boundary between steadystate and non-steady state exercise) estimates were compared. Twenty (n=20) sub-elite soccer
players from a National Youth League (NYL) team (age, 19.1 ± 1.2 y; body mass, 72.4 ± 2.7
kg) volunteered for the current study during the 2016-17 (October-January) season.
Participants completed three field-based test sessions, each separated by a week, before
competing in the 8-match NYL competition. The participants wore 15-Hz GPS units (SPI HPU;
GPSports Systems, Canberra, Australia) during all field test sessions and throughout NYL
competition. CS and CPmet were tested for validity in two separate protocols; a straight-line
running CS field test and a shuttle-running CS field test. A symmetric moving average
algorithm was applied to the GPS raw data using specific time windows (i.e. 1, 5, 10, 60, 300
and 600 s) and maximal values were obtained. Additionally, these maximal values were used
to derive estimates of CS and CPmet. Coefficients of variation (CV) ranged from good to
moderate for speed (4-6%) and metabolic power (4-8%). Only CS and CPmet values were
significantly correlated (r=0.842; 0.700) and not statistically different (P=0.066; 0.271)
respectively, to values obtained in a shuttle-running critical test. GPS-derived estimates of CS
and CPmet during match play were validated against values obtained in the shuttle-running CS
field test only. MMS and MMPmet were again found to be reproducible measures of maximal
running intensity during match play, and further indicate that maximal mean analyses are a
reliable alternative to the assessment of individual player match demands. In addition, the
reliable (and valid) estimates of CS and CPmet represent the boundary separating match running
speed and Pmet for which physiological steady state is attainable and which is not (i.e. nonsteady state), and therefore allow practitioners to quantify an individual’s responses to match
play.
In Study 3 external loads were quantified and compared between elite and sub-elite populations
and between playing positions. Twenty four (n=24) elite male football players (age, 26.2 ± 5.3
y; body mass, 76.2 ± 4.8 kg) from one A-League football team (representing elite Australian
football) and 20 sub-elite male outfield (i.e. any player who plays a position other than
goalkeeper) football players (age, 19.1 ± 1.2 y; body mass, 72.4 ± 2.7 kg) from one National
Premier League Western Australia football team (representing the highest level of youth
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football participation in Western Australia) volunteered to participate during their respective
2017 and 2016-2017 competitive seasons. Displacement and velocity data during NPL and ALeague matches were captured using 15 Hz GPS devices (SPI HPU GPSports Systems,
Canberra, Australia). A symmetric moving average algorithm was applied to the GPS raw data
using specific time windows (i.e. 1, 5, 10, 60, 300 and 600 s) and maximal values were
obtained. Additionally, these maximal values were used to derive estimates of CS and CPmet.
A major finding of the study was that elite players performed longer-duration efforts at greater
running intensities. For example, elite players exhibited greater MMS and MMPmet values,
particularly when calculated (i.e. averaged) over smaller time windows (i.e. 1 and 5 s), however
only MMPmet1 was identified as consistently different between competitions (P=<0.001-0.049).
Estimates of CS in centre backs were significantly lower to all other playing positions in both
levels of competition level, while CPmet of centre backs was found to be lower to full backs,
wide midfielders and strikers in elite soccer as well as full backs and wide midfielders in subelite soccer. The results of this study therefore indicate that GPS-derived estimates of CS and
CPmet are sensitive enough to detect differences in the classifications of match intensities
between player positions.
Study 4 assessed in-season variations in external loads across a season but averaged over each
mesocycle (i.e. 4 weeks). An elite football cohort (n=24; age, 26.2 ± 5.3 y; body mass, 76.2 ±
4.8 kg) was examined over a full league season in the A-League (October 2017 – April 2018)
competition (27 A-League rounds and 1 final series match). Displacement and velocity data
during A-League matches were captured using 15-Hz GPS devices (SPI HPU GPSports
Systems, Canberra, Australia). A symmetric moving average algorithm was applied to the GPS
raw data using specific time windows (i.e. 1, 5, 10, 60, 300 and 600 s) and maximal values
were obtained. Additionally, these maximal values were used to derive estimates of CS and
CPmet. The magnitude of differences reported when comparing mesocycle 4 (M4) to other
mesocycles ranged from small to very large (ES: -1.50 to 2.20). CS recorded in M2 and M3 of
wide midfielders (13.98 to 13.07 m·s-1) was the only critical value (i.e. CS or CPmet) that was
significantly different (P=0.032; ES: -0.19) between consecutive mesocycles. The observed
differences in MMS and MMPmet suggest that these variables are sensitive to in-season change
and would be a useful in the identification of variations of maximal running speed and Pmet
intensities for individual players. Small variations were found for GPS-derived CS and CPmet
intensity estimates over each mesocycle. Nonetheless, the ability to quantify (monitor)
variations in the match running speed and Pmet for which physiological steady state is attainable
iv

and which is not, allows practitioners to evaluate physiological indices of aerobic and anaerobic
fitness during match play.
The data presented in this thesis provide insight into positive and negative aspects of the
estimation of maximal running intensities as well as physiological responses during match play.
Additionally, the results offer practitioners useful alternatives to arbitrary displacement,
velocity and acceleration bands that allow the comprehensive assessment of external loads to
maximise performance, monitor fatigue and minimise injury risk. Finally, the results
demonstrate the application of the critical power concept (i.e. CS and CPmet) in soccer, which
could be used to quantify physiological responses throughout a competitive season.
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CHAPTER ONE
Introduction
1.1 Background
Extensive research has examined soccer player movements during competition and training,
which vary greatly in their energetic demand and the speed at which they are performed
(Akubat, Patel, Barrett, & Abt, 2012, Anderson et al., 2016a, Anderson et al., 2016b, Barros et
al., 2007, Bloomfield, Polman, & O'Donoghue, 2007, Bradley, Di Mascio, Peart, Olsen, &
Sheldon, 2010, Bradley & Noakes, 2013, Bradley et al., 2009, Di Salvo et al., 2010, Di Salvo,
Gregson, Atkinson, Tordoff, & Drust, 2009, Varley & Aughey, 2013). While development of
individual movement profiles can be used to identify player workloads, the grouping of players
by level (e.g. elite vs sub-elite) or positional roles (defender vs. midfielder vs. striker) can
provide important normative data on each group within the population (Ade, Fitzpatrick, &
Bradley, 2016, Al Haddad, Simpson, Buchheit, Di Salvo, & Mendez-Villanueva, 2015, Duthie,
Thornton, Delaney, Connolly, & Serpiello, 2018, Mohr, Krustrup, Andersson, Kirkendal, &
Bangsbo, 2008, Mohr, Krustrup, & Bangsbo, 2003). Indeed, this information can assist in the
identification of movements that are commonly performed and considered to be important to
performance of each group. Specific interventions can then be designed to improve
performance of these movements, and to physically prepare for competition. Movements that
occur at high-speed running (greater than 5.5 m·s-1) and sprint-speed running (greater than 7.0
m·s-1) are considered important indicators of physical performance in soccer (Mohr et al.,
2003). Analyses of high-speed movements may include number of efforts and distance
covered, which have previously been report to be greater in elite level soccer (Mohr et al.,
2003). Quantifying such movement in training and/or match play is therefore of great
importance, as it potentially allows physical performance to be assessed.
A main goal of the strength and conditioning practitioner and coach, working in a multitude of
team sports at various levels (including in soccer), is to improve physical performance by
monitoring and prescribing physical exercise with varying volumes and intensities, i.e. with
varying external load, with appropriate recovery to optimise performance and reduce injury
risk (Gamble, 2006). However, this is complicated in sports such as soccer due to the potential
of limited training opportunities and a high frequency of matches during the competitive phase
of the season (Gamble, 2006). The quantification of external load provides an indication of
what the athlete has done based on their locomotor movements (Akubat et al., 2012). These
1

movements include walking, jogging, running (striding) and sprinting (Reilly & Thomas,
1976).
When utilising GPS for external load quantification, there is an existing assumption that
movement speed and distance are indicative of the rate and amount of work completed,
respectively (note: in this regard the term ‘work’ is not used in the strict mechanical sense but
is used to describe physical exertion of an individual, which should be at least partly associated
with the total mechanical work performed) (Aughey, 2011, Varley & Aughey, 2013). If
movement in soccer was performed at constant speeds in a straight line, i.e. in a steady-state
manner, then simply relying on speed and distances to quantify work or intensity could be
justified (Aughey, 2011, Varley & Aughey, 2013). However, the variable nature of movements
in soccer ensure that a series of accelerations and decelerations, of varying magnitude and
duration and from different starting speeds, invalidate such claims (Aughey, 2011, Varley &
Aughey, 2013). Furthermore, as these movements typically require changes in direction as well
as the performance of skill-based activities (i.e. passing, shooting and tackling), relying solely
on the measurement of displacement variables (i.e. speed and acceleration) to quantify work or
intensity are likely to under-estimate the energy demands in soccer (Hoppe, Baumgart, Slomka,
Polglaze, & Freiwald, 2017).
The physiological and movement demands associated with soccer are commonly categorised
according to speed or acceleration bands, which report the amount of distance covered and/or
time spent within the respective band (Burgess, Naughton, & Norton, 2006). Demarcation of
these bands, and the number of bands allowed are typically arbitrary, i.e. set at “default” values,
within the analysis software settings and are, therefore, generic bands instead of being
personalised to the athletes’ capacities (Abt & Lovell, 2009, Di Salvo et al., 2007, Rampinini
et al., 2007a, Rampinini, Coutts, Castagna, Sassi, & Impellizzeri, 2007b, Weston, Castagna,
Impellizzeri, Rampinini, & Abt, 2007). Furthermore, locomotor activities are typically
classified separately according to either speed or acceleration instead of considering the
interaction between both parameters (Polglaze, Dawson, & Peeling, 2016). The speed at which
an athlete moves, together with the extent to which they change speed, determines the energy
demand associated with that movement (Polglaze, Dawson, Buttfield, & Peeling, 2018a,
Polglaze et al., 2016). Indeed, the laws of motion stipulate that energy is required to change the
speed of an object (i.e. accelerate or decelerate), and that the amount of energy is dependent
upon the magnitude of change and the initial speed of the object (Harris, Debeliso, & Adams,
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2003). Even at slower running speeds, acceleration and deceleration will likely result in high
energy demands.
Physiological parameters have previously been used to classify movement bands based on
objective variables specific to the individual athlete in endurance running (Esteve-Lanao, San
Juan, Earnest, Foster, & Lucia, 2005), cycling (Lucia, Hoyos, Perez, & Chicharro, 2000), rugby
sevens (Clarke, Anson, & Pyne, 2015) and soccer (Abt & Lovell, 2009, Manzi, Bovenzi,
Franco Impellizzeri, Carminati, & Castagna, 2013). For example, variables based on
physiological measures such as the ventilatory threshold (Esteve-Lanao et al., 2005, Lucia et
al., 2000, Manzi et al., 2013), second ventilatory threshold (Abt & Lovell, 2009, Clarke et al.,
2015, Lucia et al., 2000), or respiratory compensation threshold (Esteve-Lanao et al., 2005)
allow the practitioner to make reference to an athlete’s individual capacity. A major limitation
of using relative thresholds, however, is the need to re-establish threshold values during the
competitive phase of the season (Abt & Lovell, 2009, Clarke et al., 2015, Manzi et al., 2013).
During this phase of the season, training time can be limited due to the need to recover between
the high volumes of matches, and the need to re-establish thresholds would therefore reduce
the time that can be spent on technical and tactical training.
It seems evident that commonly-used variables that describe the displacement of players (or at
least their distance covered) in soccer matches under-estimate the energy cost associated with
the accelerative (and decelerative) nature of match play locomotion. Therefore, when changes
in velocity are taken into consideration, a more complete assessment of intensity is likely to be
obtained. Furthermore, if the main goal of a sports practitioner is to improve performance and
reduce injury risk, then increasing a player’s work load during periods of high match load with
maximal-effort testing to determine threshold values would be an issue. Determining
locomotor intensities and physiological thresholds from competition data may provide
practitioners with a sound alternative of quantifying the energy cost of each individual’s
performance.
Previous work by Quod et al., (2010) determined maximal capacities to achieve power output
during specific time windows during cycling competition using maximal mean analysis (the
highest power values found when averaged over specific durations). This mode of analysis was
then used to calculate critical power, representing the boundary that separates the power output
for which physiological steady state is attainable and which is not. These findings could be of
interest to team sport practitioners (i.e. soccer), as difficulties currently exist in monitoring GPS
3

data relative to the individual. Similarly to the work of Quod et al., (2010), applying a moving
average to GPS match data (e.g. speed and Pmet) over specified time intervals (i.e. maximal
mean analysis) could be used to calculate match critical speed (CS) and critical metabolic
power (CPmet). The ability to determine maximal capacities to achieve speed (maximal mean
speed; MMS) and Pmet, (maximal mean metabolic power; MMPmet) and calculate CS and CPmet
during competition, could provide the practitioner with a useful tool to monitor match
intensities relative to the individual.
1.2 Statement of the Problem
In order to improve performance and minimise injury risk in team sports (i.e. soccer), sports
practitioners often quantify external loads. These displacement-derived variables of speed and
distance are used extensively to quantify volumes and intensities (i.e. external load) in soccer.
However, assessments of movement demands are typically categorised by generic speed or
acceleration bands that are not personalised to an athlete’s own physical capacities. Therefore,
an alternative approach to quantifying intensity in soccer (with greater consideration to
velocity), which accounts for individualised intensities, is necessary in order to provide a more
appropriate and comprehensive measure of movement intensity in soccer.
1.3 Thesis Purpose
The aim of the research presented in this thesis is to investigate alternative approaches to
quantifying individual movement intensity in soccer, and determining whether they provide
additional, and insightful, information into the match demands of soccer. Despite extensive
literature available relating to individualising match intensity in soccer, the difficulties
associated with these practises in elite soccer means they are not commonly used. Firstly, the
purpose of Study 1 was to explore the match-to-match variability of external loads in soccer to
determine match-to-match reliability. Following this, the purpose of Study 2 was to determine
the validity and reliability of GPS-derived estimates of MMS, MMPmet, CS and CPmet during
match play, using the minimum number of matches determined in Study 1. The purpose of
Study 3 was to then quantify and compare GPS-derived estimates of MMS, MMPmet, CS and
CPmet (validated in Study 2) in elite and sub-elite soccer to describe the differences in match
demands between playing levels. Finally, the purpose of Study 4 was to investigate the inseason variations of individual match intensities in a structure that is commonly used by sports
practitioners, to determine what in-season variations exist in elite soccer in Australia.
Collectively, this research aims at better understanding match demands in soccer, and how the
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practitioner can relate these demands to each player specific to their own physical capacities.
Such information can assist in establishing the basis for relative thresholds that can be
determined during competition, as well as support the advancement of specific training
programs and the development of better physiological considerations.
1.4 Research Questions
The research questions asked in this PhD thesis have been separated into four separate studies,
as listed below:
1.4.1 Study 1 (Chapter 3)
A reduction in match-to-match variability using maximal mean analyses to assess match
running performance in sub-elite soccer
i.

How many match data sets are required to establish a high degree of reliability
of GPS match data?

ii.

Is maximal mean analysis (e.g. MMS and MMPmet) a reliable measure of peak
speed and metabolic power intensities?

iii.

Are MMS and MMPmet analyses less variable between match data sets when
compared to high-speed and sprint-speed distance data?

1.4.2 Study 2 (Chapter 4)
Reliability and validity of maximal mean and critical speed and metabolic powers in
Australian youth soccer players
i.

Will MMS, MMPmet, CS and CPmet derived from field tests (i.e. maximal-effort,
continuous and shuttle running tests) be different to CS and CPmet derived from
match data?

ii.

Will MMS, MMPmet, CS and CPmet estimates of match data be reliable
measures?

1.4.3 Study 3 (Chapter 5)
The quantification of GPS-derived estimates of maximal mean and critical speed and
metabolic powers in elite and sub-elite soccer
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i.

What are the differences in MMS, MMPmet, CS and CPmet estimates from match
play between different playing levels (i.e. elite vs sub-elite)?

ii.

What are the differences in MMS, MMPmet, CS and CPmet estimates from match
play between different playing positions (i.e. centre half, full back, central
midfielder, wide midfielder and striker)?

iii.

What are the differences in MMS, MMPmet, CS and CPmet estimates from match
play between playing positions in different levels (i.e. elite centre half vs subelite centre half).

1.4.4 Study 4 (Chapter 6)
In-season variations of GPS-derived estimates of maximal mean and critical speed and
metabolic powers using a mesocycle structure in Australian soccer
i.

What in-season variations exist in estimates of MMS, MMPmet, CS and CPmet
during a competitive season using a mesocycle structure?

ii.

What is the difference between estimates of MMS, MMPmet, CS and CPmet in
the first mesocycle of the competitive phase (i.e. mesocycle 1) and the last
mesocycle (i.e. mesocycle 7)?
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CHAPTER TWO
LITERATURE REVIEW
This review of literature provides information relevant to the studies of this PhD thesis. This
chapter outlines research that has been observed and reported in peer reviewed manuscripts,
relating to the quantification of match demands in soccer using global positioning systems
(GPS) technology. This review also discusses how these demands are classified, and how the
critical power concept has been used in other sporting fields to classify intensity.
2.1

Introduction

In an attempt to understand the physical match demands in soccer, sport scientists now quantify
these demands using GPS (Bowen, Gross, Gimpel, & Li, 2017, Ehrmann, Duncan, Sindhusake,
Franzsen, & Greene, 2016, Mallo, Mena, Nevado, & Paredes, 2015, Suarez-Arrones et al.,
2014). The ability to quantify movement demands has come a long way since early team sport
time-motion analyses relied on manual and often paper-based techniques to classify
movements (Bangsbo, Norregaard, & Thorso, 1991, Polglaze et al., 2016, Reilly & Thomas,
1976). Such demands are commonly associated with estimates of distance covered at different
speeds. This ignores the physical demand associated with accelerations and decelerations
however, which is an integral to physical performance in soccer. The classification of various
intensities within these demands are commonly made using bands of speed, whereby distances
reported within a speed band are classified as a certain intensity (Bradley et al., 2009, Burgess
et al., 2006, Carling, Bradley, McCall, & Dupont, 2016, Di Salvo et al., 2010, Di Salvo et al.,
2009, Martin-Garcia, Gomez Diaz, Bradley, Morera, & Casamichana, 2018). This method of
classifying intensity however fails to consider the different physical attributes of each
individual. Subsequently, the use of relative thresholds to classify match intensity has been
explored, whereby a physiological threshold (e.g. ventilatory threshold) is used to determine
speed and distances in relation to a threshold during matches (Abt & Lovell, 2009, Manzi et
al., 2013). The physical exertion required to determine these thresholds and the complexity of
the tests however, make use of this technique during the competitive phase of a season
problematic.
The original determination of critical power represented an exercise intensity at which fatigue
would not occur and, theoretically, exercise was sustainable indefinitely (Monod & Scherrer,
1965). While this originally required maximal effort tests over multiple days (Jones &
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Vanhatalo, 2017), the ability to determine this during competition (i.e. cycling) using maximal
mean analyses, which applies a moving average to data over specified time intervals, has now
been acquired (Quod, Martin, Martin, & Laursen, 2010). The application of this to soccer has
not been the focus of extensive scientific investigation. Therefore, the purpose of this review
was to: i) describe how match demands in soccer are quantified, ii) describe what these match
demands are, and iii) highlight previous use of “critical power” and how this could be applied
to soccer.
2.2
2.2.1

Physiological and movement demands of soccer

The classification of soccer demands

Soccer is classified as a high intensity, intermittent-activity team sport which is characterised
by short repeated sprints, rapid accelerations, decelerations, changes of direction, jumping,
kicking and tackling (Arnason et al., 2004, McMillan, Helgerud, Macdonald, & Hoff, 2005).
While the energy requirement for soccer comes predominately from aerobic metabolism, with
75 - 85% of total distance being reported to be achieved through low–speed locomotion
(Bradley et al., 2009, Burgess et al., 2006, Di Salvo et al., 2007), a player may complete over
500 high-intensity efforts including both high- and sprint-speed running, acceleration, change
of direction and jump efforts (Bangsbo et al., 1991, Bradley et al., 2009). The variable nature
of soccer, whereby players experience periods of match play that are more intense than others,
requires the repeated performance of such high-intensity efforts, and thus indicates that a
reliance is also placed on the anaerobic system (Bradley et al., 2009, Mohr et al., 2003). This
is in addition to the requirements of soccer specific skills including passing, shooting,
controlling the ball, tackling and heading (Stolen, Chamari, Castagna, & Wisloff, 2005). In the
elite setting, performance of soccer-specific skills at the highest physical intensity are often
required (Hoff & Helgerud, 2004). Therefore, soccer players are required to have a high level
of aerobic and anaerobic endurance, agility, sprint ability, jumping and kicking power (Reilly
& Thomas, 1976). As these physically demanding tasks are thought to be critical to the outcome
of crucial moments during match play (Reilly, Bangsbo, & Franks, 2000), previous research
has described the number and intensity of such movements (Bradley et al., 2010, Bradley et
al., 2009, Di Salvo et al., 2010, Mohr et al., 2003) and investigated the ability to perform
(Krustrup, Mohr, Ellingsgaard, & Bangsbo, 2005, Rampinini et al., 2007b), train (Akubat et
al., 2012, Anderson et al., 2016a, Anderson et al., 2016b) and recover (Abt, Siegler, Akubat,
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& Castagna, 2011, Rowsell, Coutts, Reaburn, & Hill-Haas, 2009) from these high-intensity
efforts.
Previous research has reported that elite soccer players cover approximately 9 to 14 km during
a match, depending on playing position (Carling, Bloomfield, Nelsen, & Reilly, 2008, Mohr et
al., 2003, Rampinini et al., 2007b). Although total distance can be used to indicate individual
player work load, high-speed (or high-intensity) activity is an important measure of physical
performance (Carling et al., 2008). Such movements are typically defined as being either highspeed running (greater than 5.5 m·s-1) or sprint-speed running (greater than 7.0 m·s-1) (Randers
et al., 2010). Previous research has shown that, on average, a soccer players will run at high
speed once every minute and sprint maximally every four minutes (Di Salvo et al., 2007).
Additionally, sprints typically last 4 s with approximately 20 m being covered, indicating that
periods of acceleration may be more common than running at maximal speed, and thus be
important in order to reach the ball first or catch an opponent (Stolen et al., 2005).
2.2.2

High-speed running demands

The suggestion that high-speed running distances are valid measures of physiological
performance (Mohr et al., 2003) has resulted in soccer-based research focussing particularly
on high-speed movements during match play (Bradley et al., 2009, Di Salvo et al., 2009).
Previous research determined that the amount of high-speed running differs between playing
levels, with elite European soccer players covering 28% greater distances than their sub-elite
counterparts (Krustrup et al., 2003, Mohr et al., 2003). Furthermore, elite players covered 11%
greater distances in the Yo-Yo Level 1 Intermittent Recovery test (a test to measure the ability
of an individual to perform repeated high-speed running) (Krustrup et al., 2003, Mohr et al.,
2003), possibly indicating the greater capacity of these players to perform at higher running
speeds. High-speed running distance has also been shown previously to differ between
successful and unsuccessful teams competing in the same competition (Di Salvo et al., 2009,
Rampinini, Impellizzeri, Castagna, Coutts, & Wisloff, 2009). While successful teams were
reported to cover a greater high-speed running distance when in possession of the ball than less
successful teams, they were also reported to cover less total high-speed distance (Rampinini et
al., 2009). These differences may result from a greater ability to retain possession due to their
greater technical and tactical ability (evidenced by a greater number of ball contacts whilst in
possession). The longer time in possession of the ball by successful teams tends to force the
opposition to spend more time trying to win the ball back to regain possession, thus resulting
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in a greater total high-speed running distance in the less successful teams (Rampinini et al.,
2009). This may suggest that technical and tactical abilities influence success, and as a result
lead to physical adjustments. For example, previous research has shown teams have covered
greater high-speed running distances against the better teams in the competition (i.e. top eight
at the end of the season) (Rampinini et al., 2007b). However, the varying technical and tactical
ability of the opposition over the course of a season suggests that a team must be prepared to
perform a greater amount of high-speed running when required. This would therefore indicate
that technical and tactical ability as well as high-speed running ability both play an important
role in team success.
Although sprinting only contributes to a small percentage of the overall movement performed
during match play (i.e. less than 1% of the total time, and less than 6% of the total distance),
the sprint effort itself is considered to be an important locomotor activity that may be
determinant of match winning actions (Cometti, Maffiuletti, Pousson, Chatard, & Maffulli,
2001, Faude, Koch, & Meyer, 2012). Despite the total number of sprint efforts appearing to be
low in relation to the duration of match play (e.g. the number of efforts reportedly ranges from
17 to 58 during a 90 min match), players will experience periods of play involving greater
amounts of high- and sprint-speed running than in other periods (Bradley et al., 2009, Mohr et
al., 2003). Additionally, players may also be required to perform multiple sprint efforts
interspersed with minimal recovery time (Buchheit, Mendez-villanueva, Simpson, & Bourdon,
2010). Previous research has reported that elite soccer players have faster 10- and 30-m sprint
times than amateur players (Cometti et al., 2001), as well as better repeat-sprint ability (mean
time of six 40 m shuttles), indicating that better players are able to repeatedly run faster than
others. Additionally, sprint efforts would contribute an even greater amount to the total
physiological cost, as both the effort and recovery from the effort will be greater compared to
low-speed running (Cometti et al., 2001). The amount of fatigue can therefore be greater, which
can affect skill performance and injury risk, emphasising the importance of the individual
capacity to not only perform singular sprint efforts but also repeated-sprint efforts in soccer.
When quantifying sprint match demands, a player is typically only classified as sprinting for
the time they spend above a chosen speed threshold, which subsequently only identifies sprint
efforts when exceeding the demarcated speed. This is problematic, firstly, as the ability to sprint
and achieve maximal running speeds varies between individuals (Mendez-Villanueva,
Buchheit, Simpson, Peltola, & Bourdon, 2011). Therefore, if all players have the same sprintspeed threshold, it is possible that significant underestimation of total sprint-speed distance can
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occur in players who cannot achieve faster maximal sprint speeds. Secondly, as the average
sprint-effort distance in soccer is relatively short (on average less than 20 m), maximal running
speeds are seldom attained (Di Salvo et al., 2010, Di Salvo et al., 2009). In fact, athletes
typically do not reach maximal speeds until an elapsed distance of 40 to 60 m (Young, Benton,
& Duthie, 2001, Young et al., 2008). Maximal speed following a rolling start, however, has
previously been attained after 29 m (Benton, 2000) or 4 s (Duthie, Pyne, Marsh, & Hooper,
2006). Nonetheless, when the maximal sprint speed (i.e. fastest 10 m split time during a 40 m
sprint) of highly trained young (16.7 y) soccer players was compared with peak running speeds
during match play, only 84.4 to 90.5% of maximal sprint speeds were achieved (MendezVillanueva et al., 2011). This highlights the importance of considering the capacity to rapidly
accelerate (i.e. energy demanding low-speed actions) when profiling player movements
(Varley & Aughey, 2013). Determining physical performance based solely on distances
covered using high-speed locomotion may therefore misrepresent the true quantity and volume
of high-intensity activity performed by a player (Little & Williams, 2007).
As the average duration and distance of a sprint in soccer is insufficient to obtain maximal
running speeds, the ability to accelerate is potentially of greater importance. Acceleration,
importantly, is a more energy demanding action than constant-speed movements (Osgnach,
Poser, Bernardini, Rinaldo, & di Prampero, 2010). Previous research has reported that the
hardest work of a sprint is performed before the sprint speed threshold when a sprint is
performed from a standing start. For example, during a maximal 5-s sprint, not only was 50%
of the total work achieved within the first 1.5 s, but peak power output (W·kg-1) achieved in
the first 0.5 s was 40% greater than the average power output (di Prampero et al., 2005). In
fact, despite the power output required to run at a constant speed of 4.17 m·s-1 being 54%
greater than that required to run at a constant speed of 2.5 m·s-1, performing an acceleration
from a lower speed can lead to equal or greater power output than required to maintain the
higher speed (Osgnach et al., 2010). Consequently, not only is acceleration a metabolically
demanding task, it does not need to occur at a high speed to be physiologically challenging to
the player. The practise of quantifying (i.e. describing) only distances covered during high- and
sprint-speed running therefore can significantly underestimate the magnitude of high-intensity
activity performed during team sport competition in which periods of acceleration are common
(Bradley et al., 2009, Osgnach et al., 2010).
While typical demarcations of high-speed (5.5 m·s-1) and sprint-speed (7 m·s-1) running have
previously been recorded (Carling et al., 2016, Rampinini et al., 2007a), between-study
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variability in the thresholds used when defining high- and sprint-speed running make
comparisons difficult. Alternatively, a scientific determination of individual high-speed
threshold has been used, with players performing a graded exercise test to establish the speed
at which they reached their ventilatory threshold (Abt & Lovell, 2009). This physiological
measure was chosen as it represents an exercise intensity above the point at which athlete is
able to sustain performance (Davis, 1985). The mean speed value at which ventilatory threshold
was achieved in the cohort was 4.16 m·s-1 (Abt & Lovell, 2009). As similar absolute speed
threshold values have been used to define speed bands for high-speed running in previous
research (Andersson, Ekblom, & Krustrup, 2008, Mohr et al., 2003), it therefore has been
recommended as an appropriate high-speed running threshold.

2.2.3

The physical demands of various playing positions

The physiological demands of soccer are influenced by the tactical and positional role a player
performs during match play. Previous research comparing the demands of various positions
have used a wide range of terminology when allocating players to specific positional roles
however, positions are commonly divided into: central and wide defender (or full back), central
or wide midfielders and strikers (Ade et al., 2016, Barros et al., 2007, Bradley et al., 2010,
Bradley et al., 2009). Due to varying definitions in the classification of movement descriptors,
comparisons between studies can be difficult. Nonetheless, positional trends are apparent.
As the role of the central defender is often limited to defensive duties requiring players to
predominately stay within their own defensive half of the pitch, central defenders generally
cover less total distance than other players (Bradley et al., 2009). The depth associated with
their positioning will often afford them greater time to “read” the game and adjust their
positioning to combat the threat of the opposition’s forward movements. This deeper position
often affords the central defender additional time to adjust their position against a forward run,
which may explain why the position often produces less high-speed and sprint-speed running
distance (Bradley et al., 2009, Burgess et al., 2006, Di Salvo et al., 2010). In contrast,
midfielders (i.e. central and wide) are active in both offensive and defensive roles, constantly
required to move up and down the field of play (Bangsbo, 1994) and therefore, typically cover
the greatest total distances (Barros et al., 2007). The greatest distances covered during highspeed running are typically achieved by positions predisposed to offensive actions including
strikers, wide midfielders and full backs (i.e. wide defenders) (Bradley et al., 2009, Di Salvo
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et al., 2010, Di Salvo et al., 2009). Unlike central defenders, full backs are often obliged to
progress up the pitch to contribute to the attacking phases of play when their side is in
possession of the ball however must also track the runs of opposition attackers when without
the ball. Additionally, strikers are likely to perform a high number of sprints as they are required
to constantly evade their opponent and move into space (Di Salvo et al., 2010, Di Salvo et al.,
2009). This is further exacerbated when strikers are closer to the opposition’s goal and are more
of a goal scoring threat as they are often defended more closely here. This requires a striker to
work harder to evade that attention and find more space and time to receive the ball. The
greatest sprint-speed distances and efforts are undertaken by full backs and wide midfielders,
as players in these positions are afforded more space providing more time and distance to
accelerate and reach high speeds (Di Salvo et al., 2010, Di Salvo et al., 2009). Conversely,
central defenders and midfielders typically perform a lower number of sprints and reach lower
maximal running speeds during match play (Bradley et al., 2010, Bradley et al., 2009, Di Salvo
et al., 2010, Di Salvo et al., 2009). This could be due to limited space available in central
positions which may restrict them from reaching higher speeds. Due to the physiological
demands associated with the positional differences, positional-specific training which
replicates competitive performance is believed to be the most effective training method in elite
soccer. These positional differences further emphasise the importance of classifying match
intensities respective of individual match responses. Despite this, the reliance on categorising
intensities with thresholds will potentially underestimate (or overestimate) match demands. To
date no study has investigated the positional differences of maximal match intensities in speed
or metabolic power during short time windows which would reflect sprint-speed running and
acceleration (i.e. 1 s). This information would further expand the understanding of highintensity tasks undertaken by players during match play, and assist in replicating positional
match demands during training.
2.3
2.3.1

Global positioning systems

The evolution of GPS devices

The original development of GPS occurred in 1973 for the United States military, operating
with the use of 24 satellites orbiting Earth (Larsson, 2003, Townshend, Worringham, &
Stewart, 2008). Each satellite contains an atomic clock that transmits low-power radio signals
with information pertaining the exact time to a ground-based GPS receiver (Larsson, 2003,
Townshend et al., 2008). Once the signal is received, the time taken for the signal to travel
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from the satellite to the receiver is calculated by comparing the time of signal transmission to
the time of arrival. The distance of the satellite from the GPS receiver can then be calculated
by multiplying the signal travel time by the speed of light (Larsson, 2003, Townshend et al.,
2008). A minimum of four satellites is needed to determine a single three-dimensional position
trigonometrically (Larsson, 2003, Townshend et al., 2008).
In most commercially available GPS systems, the rate of change in the satellites’ signal
frequency attributable to movement of the receiver (i.e. Doppler shift) determines speed of
displacement (Schutz & Chambaz, 1997, Townshend et al., 2008). Additionally, speed can be
calculated from changes in given GPS distance divided by the time between logged positions
(Schutz & Chambaz, 1997, Townshend et al., 2008). The accuracy of GPS can be influenced
by atmospheric conditions and deflections of the signal off local obstructions (Schutz &
Chambaz, 1997, Townshend et al., 2008). The largest source of error in early GPS technology
measurements however, was caused by an error measurement to civilian satellite transmissions
known as ‘selective availability’ to limit its use by hostile forces by the U.S. Department of
Defense (Schutz & Chambaz, 1997, Townshend et al., 2008). In 2000, ‘selective availability’
was turned off and the accuracy of non-differential GPS increased which subsequently allowed
GPS units to be smaller, lighter and cheaper (Larsson, 2003, Schutz & Chambaz, 1997,
Townshend et al., 2008). As a result, the development of the technology has allowed the
opportunity to determine speed, position and displacement (i.e. physical performance) in sport
(including soccer) (Larsson, 2003, Schutz & Chambaz, 1997, Townshend et al., 2008).
The first commercially available GPS unit designed for tracking movement demands in team
sport athletes was developed by GPSports, and was made available in 2003 (Edgecomb &
Norton, 2006). The adoption of GPS units in team sports is now widespread in both applied
and research settings (Aughey, 2011, Coutts & Duffield, 2010, Gabbett, 2010, Malone, Solan,
Hughes, & Collins, 2017, Wisbey, Montgomery, Pyne, & Rattray, 2010). Advances in
technology have allowed considerable reductions in the electronic components size, thus
enabling the size of a GPS unit designed for use in sport to be much smaller than a mobile
phone. For example, a GPS unit designed for the application of player monitoring (e.g
GPSports SPI HPU unit) is approximately 74 × 42 × 16 mm and weighs 67 g. The units are
fitted into custom-made vests that house the units on the centre of the upper back area slightly
superior to the scapulae apexes. Advances in GPS technology for use in sport has improved the
frequency of sampled data from the original sampling rate of 1 Hz (i.e. 1 sample per second)
to the now-commonly used 10 Hz, and newer units sample at 15 Hz. Increases in sampling
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frequency in turn increase the update rates of live data, which improves the quality and
increases the validity of the movement detected (Aughey, 2011).
2.3.2

The validity and reliability of GPS

Due to the differences in GPS unit models and sampling rates, criterion methods used and
ecological validity, comparisons between measurement systems for accuracy and reliability is
difficult. Original attempts to validate GPS by comparing distances reported by a 1 Hz GPS
unit to a known distance determined by a calibrated trundle wheel reported a strong correlation
to the criterion measure (r=0.998) (Edgecomb & Norton, 2006). However, a technical error of
5.5% was reported, thus demonstrating that although limitations exist the data could be reported
with some level of accuracy. Significantly, information relating to the effect of different
running speeds on the distance estimated was not taken into consideration. Indeed, numerous
studies have now reported the effect of sampling rate (i.e. 1 Hz, 5 Hz, 10 Hz and 15 Hz) on the
validity and reliability of distance estimates at various running speeds, over different distances,
and during soccer-specific movements (Akenhead, Hayes, Thompson, & French, 2013, Barr,
Beaver, Turczyn, & Cornish, 2019, Castellano, Casamichana, Calleja-Gonzalez, Roman, &
Ostojic, 2011, Coutts & Duffield, 2010, Jennings, Cormack, Coutts, Boyd, & Aughey, 2010,
Johnston et al., 2012, Rampinini et al., 2015). An overall consensus exists that 1 Hz units are
accurate and reliable for detecting total distance and peak speed at slower speeds, but not at
higher speeds (Coutts & Duffield, 2010, Jennings et al., 2010). These units also underestimate
the distance covered in more complex movements such as those that require changes of
direction (Coutts & Duffield, 2010, Jennings et al., 2010). Similar trends exist with 5 Hz units,
displaying an acceptable level of validity and reliability for detecting total distance, speed and
the number of efforts performed at slow speeds, but reduced levels of validity and reliability
when measuring high-speed movements (6.9 m·s-1) (Johnston et al., 2012). The error of
measurement of 1 and 5 Hz units have previously been reported to range 2 - 25% compared to
timing gates (Coutts & Duffield, 2010, Edgecomb & Norton, 2006). Furthermore, a similar
error range of 4% was identified for slow speed and 30% for fast-speed movements when
comparing 1 Hz and 5 Hz units against a VICON an 8-camera infrared-based motion capture
system (Duffield, Reid, Baker, & Spratford, 2010, Ogris et al., 2012). An increase in sampling
frequency to 10 Hz, however, has provided 2-3 times better data accuracy compared to 5 Hz
units (Varley, Fairweather, & Aughey, 2012). The improved accuracy provided a substantial
improvement in reliability of detecting total distance, time spent and number of efforts
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performed during slow-speed (0 to 3.9 m·s-1) and high-speed running (3.9 to 5.6 m·s-1) in both
10 Hz and 15 Hz units (<10% CV) (Johnston, Watsford, Kelly, Pine, & Spurrs, 2014).
Although the reliability and accuracy of GPS systems have improved, limitations remain with
respect to identifying and measuring rapid changes in speed and direction, i.e. velocity
(Buchheit et al., 2014a). Many validation studies utilise pre-planned movement patterns which
do not necessarily replicate changes in direction typical in team sports. Additionally, validation
studies are commonly conducted in open environments, while many elite sports are played in
large stadia where signal reception interference might potentially compromise the accuracy of
reported measures (Williams & Morgan, 2009).
2.3.3

Monitoring energy cost using GPS

While the development of GPS has made the quantification of match demands in soccer
possible, these demands are commonly associated with estimates of distance covered at
different speeds. This ignores the physical demand associated with accelerations and
decelerations, which is an integral element of physical performance in soccer (Osgnach et al.,
2010). Considering that the energy cost of changing speed is greater than the cost of
maintaining speed, the additional cost of changing speed varies according to the magnitude of
change and actual speed (di Prampero et al., 2005, Osgnach et al., 2010, Polglaze et al., 2018a).
A model that incorporates speed and acceleration would provide a more ecological valid
measure of energy cost when speed is continually changing (di Prampero et al., 2005, Osgnach
et al., 2010, Polglaze et al., 2018a), as it does in soccer.
Such a model has since been developed by di Prampero et al. (2005), and used to estimate
instantaneous metabolic power (Pmet; the energy cost of accelerated/decelerated running on a
horizontal level multiplied by instantaneous speed) and accumulated energy demands in elite
soccer players. Using this model, high power outputs (and therefore energy demands) in soccer
were unsurprisingly reported when speed was high and when acceleration was elevated (di
Prampero et al., 2005, Osgnach et al., 2010). A wide array of speed and acceleration
combinations additionally yielded high power outputs, including at speeds of low and moderate
intensity (di Prampero et al., 2005, Osgnach et al., 2010).
This model has also been used to report energy demands in rugby league (Kempton, Sirotic,
Rampinini, & Coutts, 2015) and Australian Rules Football (Coutts et al., 2015). The reported
distance covered under-estimated the overall demands of competition in both sports, as
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demonstrated by the “Equivalent Distance Index” (EDI; the ratio of distance covered if total
energy is expended at constant speed to the actual distance covered). The higher the EDI, the
more intermittent activity. Reflective of its sustained running nature, the EDI was low for
Australian football (EDI 1.10) (Coutts et al., 2015), but considerably higher for the intermittent
nature of rugby (EDI 1.28) (Kempton et al., 2015). Additionally, speed-based classification of
intensity under-estimated the energy demands of rugby, but not Australian football. This bias
is further supported by soccer training analysis, as a greater proportion of high-speed running
was associated with decreases in classifications of high-intensity activity through displacement
and energetic criteria magnified (Gaudino et al., 2013). It would appear, therefore, that Pmet as
opposed to distance and speed, would be a more suitable variable for the assessment of energy
demands during team sport activities, such as soccer.
While the above model incorporates the metabolic cost of speed and acceleration, it does not
consider the mechanical work of locomotion (Gray, Jenkins, & Andrews, 2010). If speed is
known, total mechanical work can be determined and thus be conditionally apportioned
between that done to propel (horizontal) and raise (vertical) the centre of mass, swing the limbs,
and overcome air resistance (Gray et al., 2010). Speed-dependent efficiency factors can then
be used to calculate Pmet. The Pmet model by di Prampero et al., (2005) has been used to
determine the energy cost of Australian football, and demonstrated that energy expenditure is
sensitive to variations in running speeds (Gray, 2011). As with displacement measures,
however, it is assumed that all motion is orientated in the forward direction and ignores
physical contact (e.g. tackling). While Pmet models do not consider all factors that influence the
energy cost of locomotion, they nevertheless provide a more complete estimate of energy
expenditure in situations with considerable changes in velocity (i.e. speed and/or direction).
Pmet is potentially a more appropriate indicator of the work done during team sport play (i.e.
soccer), and may be suitable for investigating the classification of competition intensity
(Waldron & Highton, 2014). Future research should quantify classifications of match intensity
with Pmet to determine its relationship with measures of physical fitness and performance, and
further document its possible use as a comprehensive assessment of variable movement
patterns associated with soccer match play.
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2.4
2.4.1

The critical power concept

Overview of the critical power concept

The critical power concept was first documented by Hill (1925), who recognised a hyperbolic
relationship between average competition speed of world records in running and swimming
and the time needed to cover a set distance. It was concluded that a variety of causes of
muscular fatigue for exercise intensities of different durations would lead to the cessation of
activity within this velocity-time relationship (Hill, 1925). The construct of a velocity-time
curve by Hill (1925) provided the foundation for future research for which Monod and Scherrer
(1965) found a similar relation to describe a power-time relationship. It was formulated that
each muscle or each synergistic muscle group is linearly related to the sustainability of
producing power above a certain threshold for a limited amount of time (Monod & Scherrer,
1965). At this point, the slope of this relationship was described as the critical power (CP) and
was defined as the maximum work rate that a muscle can sustain for a very long time without
fatigue, and thus a threshold of local fatigue (Monod & Scherrer, 1965). It was believed that
CP represented an exercise intensity at which fatigue would not occur and, theoretically,
exercise was sustainable indefinitely (Monod & Scherrer, 1965). Succeeding investigations by
Moritani, Nagata, deVries and Muro (1981) and Hughson, Orok and Staudt (1984) adapted the
CP concept to cycling and running exercise (i.e. speed) respectively, which indicated that
systemic fatigue, as well as local peripheral fatigue, is characterised by a hyperbolic powertime (or speed-time) relationship.
Typically, CP is established by having a subject complete three to five separate high-intensity
exercise tests on different days, during which they are asked to sustain a fixed external power
output for as long as possible (Jones & Vanhatalo, 2017). The power outputs are selected to
result in exhaustion in a minimum of approximately 2 min and a maximum of 15 min, with the
precise time to the limit of exhaustion at each power output recorded (Jones & Vanhatalo,
2017). When power output is plotted against time, the sustainable power output falls as a
function of exercise duration and levels off, or asymptotes, on the abscissa (see Figure 2.1)
(Jones & Vanhatalo, 2017). The asymptote is termed CP (measured in watts), while the
curvature of the power-time relationship represents the work capacity available above CP is
termed W’ (measured in kilojoules). This curvilinear power-time relationship can also be
expressed if work done in each separate exercise bout is plotted against sustainable time,
resulting in a linear relationship that can be described with the regression equation y = mx + c
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(Jones & Vanhatalo, 2017). The resulting slope (m) is CP and the intercept (c) is W’. The same
hyperbolic relationship exists in other locomotion activities including running (Hughson, Orok,
& Staudt, 1984, Smith & Jones, 2001) and swimming (Wakayoshi et al., 1993). The terms
critical speed (CS) and D’ (distance available above CS; measured in m·s-1 and m respectively)
are used instead of CP and W’.

Figure 2.1. The power-time relationship: critical power (CP) and the finite work capacity
above CP (W´) (Jones, Vanhatalo, Burnley, Morton, & Poole, 2010).
The power-time relationship is a fundamental concept in exercise physiology, firstly, as it
provides a framework for exploring and understanding skeletal muscle bioenergetics and the
metabolic and cardio-respiratory responses to exercise (Jones & Vanhatalo, 2017). Secondly,
it is a tool for fitness diagnostics in monitoring the physical impact of training interventions,
and performance prediction in continuous high-intensity endurance exercise (Jones et al., 2010,
Vanhatalo, Jones, & Burnley, 2011). CP has been shown to be physiologically important in
defining the heavy intensity domain, steady-state values for muscle metabolism (i.e.
phosphocreatine concentration [PCr] and pH), blood lactate and pulmonary oxygen uptake
(VO2) (Jones, Wilkerson, DiMenna, Fulford, & Poole, 2008, Poole, Ward, Gardner, & Whipp,
1988, Vanhatalo et al., 2016, Vanhatalo, Fulford, DiMenna, & Jones, 2010). Above CP, muscle
efficiency is lost, as reflected in the development of the VO2 slow component (Vanhatalo et
al., 2010), and drives VO2 to its maximum value (VO2max) at the limit of tolerance.
Additionally, exercise in the severe domain is associated with continuous reductions in muscle
PCr and pH, and a progressive accumulation of blood lactate (Jones et al., 2008, Poole et al.,
1988, Vanhatalo et al., 2016). These minimum or maximum values, also attained at the limit
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of tolerance, are irrespective of whether the severe-intensity bout is short (2 to 3 min) or long
(12 to 15 min) (Black et al., 2017, Vanhatalo et al., 2010), suggesting that the limit of tolerance
during exercise (magnitude of W’) may coincide with the attainment of a certain intra-muscular
or systemic milieu that the athlete cannot, or it not prepared to, exceed (Jones & Vanhatalo,
2017)
The variety of conditions to which CP has been applied to demonstrates the benefit of its use.
Various research has shown to use CP as a training intensity marker (De Lucas, de Souza,
Costa, Grossl, & Guglielmo, 2013, Poole et al., 1988), a performance predictor (Housh, Housh,
& Bauge, 1989, Smith, Dangelmaier, & Hill, 1999, Vanhatalo et al., 2011), a monitor for
changes in endurance fitness (Jenkins & Quigley, 1992, 1993, Poole, Ward, & Whipp, 1990,
Stickland, Petersen, & Dressendorfer, 2000), assessing the effectiveness of particular training
periods (Billat, Koralsztein, & Morton, 1999) and to determine the strength and weaknesses of
an athlete (Smith, Norris, & Hogg, 2002). CP as a marker for endurance fitness has shown good
test-retest reproducibility and produced high correlation coefficients of > 0.9 (Gaesser &
Wilson, 1988, Nebelsick-Gullett, Housh, Johnson, & Bauge, 1988) and thus is a reliable
measure. Two main limitations exist within the critical power concept however, being that the
model implies CP to be sustainable for an indefinite period of time and at the onset of exercise,
when exercising at CP intensity (Hill, 1993, Morton, 2006). Secondly, that the power-time
relationship is derived entirely on the basis of performance during constant power output
exercise (Jones & Vanhatalo, 2017). Many team sports however, involve intermittent bouts of
high-intensity exercise separated by variable durations of lower-intensity exercise or rest (Jones
& Vanhatalo, 2017). Nonetheless, the application of the CP concept to team sport could provide
an efficient measure of classifying individual intensities during competition.
2.4.2

Exercise intensity domains

Athletes train according to various intensity zones which target certain physiological and
anatomical adaptations. These zones are referred to as exercise intensity domains. The
boundaries between domains are commonly based on physiological landmarks. For example,
heart rate, VO2 and blood lactate responses provide physiological measurements for the
description of behaviour in a particular domain. Further measurements, such as LT or the gas
exchange threshold (GET) are used to demarcate boundary points. Athletes either use the direct
physiological measurement (i.e. heart rate) or the intensity associated with a particular
boundary (i.e. LT) to indicate training (or competition) intensity. In order to determine these
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zones, and to assign intensity values (i.e. heart rate or power output) associated with these
zones, athletes are generally tested in a laboratory. Existing literature has utilised three (i.e.
moderate, heavy and severe; Figure 2.2) (Poole, 2009, Poole & Jones, 2012) or four (i.e.
moderate, heavy, very heavy and severe) (Ferguson et al., 2007, Hill & Ferguson, 1999)
exercise intensity domains.

Figure 2.2. Schematic diagram of power versus time-to-exhaustion relationship with reference
to three exercise intensity domains (Dunlop, 2013).
The characteristics of the sub-maximal moderate, heavy, very heavy and severe domains are
described below.
2.4.2.1

Moderate-intensity domain

The upper boundary of the moderate-intensity domain is defined as either the LT or GET
(Beaver, Wasserman, & Whipp, 1986, Beneke, Leithauser, & Ochentel, 2011), with both terms
used inter-changeably as they are determined by the same physiological event (Wasserman,
Beaver, & Whipp, 1990). Exercise in this domain causes minor or no alteration in an athlete’s
acid-base status. In order to meet the energy demand from rest to exercise, an increase in
glycolysis results in an elevated metabolic rate which may also result in some temporal blood
lactate overshoot (Diamond, Casaburi, Wasserman, & Whipp, 1977). During this phase the
adenosine triphosphate (ATP) breakdown exceeds oxidative ATP re-synthesis and
intramuscular oxygen and phosphocreatine stores are utilised to subsidise ATP provision.
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During constant load cycling in this domain, VO2 has been reported to increase with a gain of
9-11 ml·min-1·W-1 above that of load pedalling (Poole & Jones, 2012) , and healthy individuals
attain a VO2 steady state within 2-3 min (Whipp & Wasserman, 1972, Wilkerson, Koppo,
Barstow, & Jones, 2004). Individuals can sustain exercise within this domain for 4 to 6 hours
as metabolic variables do not drift, providing factors such as substrate depletion (Coyle, 1995),
hyperthermia (Gonzalez-Alonso, Mora-Rodriguez, Below, & Coyle, 1997) and central fatigue
do not occur.
2.4.2.2

Heavy-intensity domain

The lower boundary of the heavy domain is defined as LT/GET with the maximal lactate steady
state (MLSS) demarking the upper boundary (Beneke et al., 2011). In this domain, VO2
continuously increases and reaches a delayed steady state which exceeds that predicted from
the sub-LT workload relationship (Gaesser & Poole, 1996, Murgatroyd, Ferguson, Ward,
Whipp, & Rossiter, 2011). Increases in VO2 (with a gain of 13 ml·min-1·W-1) creates an
additional O2 cost termed “VO2 slow component”, which originates predominately within the
working muscles (Henson, Poole, & Whipp, 1989, Whipp, 1994). The VO2 slow component is
defined as a continued rise in VO2 beyond the third minute of exercise .During an initial 5 min
of constant load exercise, a transient overshoot of blood lactate eventually stabilises at an
elevated level around 2-5 mM (Whipp, 1994). Despite an increase in metabolic demand,
healthy individuals in this domain attain a steady state within approximately 2-3 min, but
depending on the magnitude of the slow component this may be delayed by 10-15 min (Poole
& Jones, 2012). The upper boundary of this domain is defined as the highest VO2 at which
blood lactate and VO2 can stabilise (i.e. MLSS) (Poole & Jones, 2012). Exercise in this domain
is sustainable for less than 3 hours (MacDougall, Reddan, Layton, & Dempsey, 1974). Fatigue
during heavy exercise is likely due to limitations in the rate of substrate utilisation and/or
hyperthermia (Dekerle, Mucci, & Carter, 2012, Gaesser & Poole, 1996) and/or neuromuscular
fatigue (Camic et al., 2010).
2.4.2.3

The very heavy-intensity domain

The lower boundary is defined as the intensity corresponding to the MLSS with an upper
boundary demarcated by CP (or CS) (Whipp, Ward, & Rossiter, 2005). Above the MLSS, the
anaerobic system increasingly contributes to energy requirements resulting in continuous
upwards drift of blood lactate and hydrogen (Antonutto & Di Prampero, 1995). Blood lactate
increases above MLSS as a function of time and intensity, not attaining steady state any longer
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(Beneke et al., 2011). Exercise is typically terminated when blood lactate levels reach 8-12
mM (Jones, Vanhatalo, & Doust, 2009). As with the heavy domain, VO2 increases as a function
of time and intensity and therefore VO2 will project towards maximum if exercise continues
long enough (Ozyener, Rossiter, Ward, & Whipp, 2001, Poole et al., 1988). The VO2 slow
component can reach a magnitude of 0.5-1.0 L·min-1. While demarcation points have
previously been characterised by a physiological event, CP is characterised by an indirect
marker of physiological intensity. Additionally, CP demarcates the transition point between
tolerable and non-tolerable exercise intensity which corresponds to the characteristics of the
slow component (at this intensity). This therefore justifies CP as an intensity demarcation point
relevant to an athlete’s training/performance (De Lucas et al., 2013, Poole et al., 1988).
Exercise in this domain is typically sustainable for approximately 30-40 min, terminating at
volitational or metabolic fatigue (Pringle & Jones, 2002, Smith & Jones, 2001). Additionally,
termination may be result of progressive recruitment of additional fibre (Endo et al., 2007,
Krustrup, Soderlund, Mohr, & Bangsbo, 2004), neuro-muscular fatigue or it occurs
concomitant with the development of progressive inefficiencies within already recruited (but
fatigued) fibres (Hepple, Howlett, Kindig, Stary, & Hogan, 2010, Zoladz et al., 2012).
2.4.2.4

The severe-intensity domain

Exercise intensity within the severe-intensity domain comprises work between CP and the
highest work rate for which VO2max is still attainable (Poole et al., 1988). Blood lactate and
VO2 increases inevitably to exhaustion (occurring parallel to W’ expenditure) (Poole et al.,
1988). These however may not reach maximum levels if the corresponding exercise intensity
is for only a short tolerable time (Jones et al., 2009). If so, the VO2 slow component develops
after 2-3 min of exercise and increases as a function of time and work rate. At the lowest point
of work rate (close to CP) the VO2 slow component can reach a maximum value of 1-1.5 L·min1

. Similarly in the very heavy domain, if exercise is performed closer to the intensity around

CP, blood lactate at exercise termination reaches values between 8-12 mM (Jones et al., 2009).
Exercise duration in the severe domain is shorter than in the very heavy domain (i.e. less than
30-40 min) but long enough to attain VO2max (i.e. 2-3 min). The accumulation of fatigue related
metabolites and altered Ca2+ handling results in exercise failure (Westerblad, Allen, &
Lannergren, 2002).
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2.4.3

The physiological significance of the critical power concept

Based on early findings of CP, it was hypothesised that CP corresponds to an exercise intensity
between that associated with the lactate threshold and that eliciting VO2max (Billat, Binsse,
Petit, & Koralsztein, 1998) and thus demarcates the heavy and severe exercise intensity
domains (Bull, Housh, Johnson, & Rana, 2008). The boundary between the heavy and severe
exercise domains separates work intensity, which can be performed at steady state from those
which cannot (Burnley, Doust, & Vanhatalo, 2006). This has been supported by the correlation
between CP and MLSS (a physiological indices which demarcates this boundary) (De Lucas
et al., 2013, Whipp et al., 2005). The power output and speed at which CP and CS occurs has
been suggested to represent the highest output (i.e. power/speed) that can be maintained
without eliciting VO2max (Jones et al., 2010, Poole et al., 1988).
Commonly known physiological demarcation points have been compared to CS to reinforce
its understanding and the intensity it demarcates. Early research on this basis was centred on
investigating the relationship between CS, MLSS and lactate turnpoint velocity (LTPV) during
running exercise (Smith & Jones, 2001). These physiological thresholds had been previously
suggested to demarcate between the heavy and severe exercise intensity domains, whereby
blood lactate transitions between an elevated but stable level to a continuous increase during
constant exercise (Smith & Jones, 2001). Smith and Jones (2001) therefore, investigated the
agreement between the three thresholds and found that although no significant differences were
observed, the level of agreement between the parameters was not close enough to allow the
accurate estimation of one to another. Similarly, Denadai, Gomide and Greco (2005) compared
the relationship between CS, MLSS and onset of blood lactate accumulation (OBLA; 3.5mM
blood lactate). Based on their findings, the researchers concluded that CS did not represent a
sustainable steady-state exercise intensity as CS was significantly higher than MLSS (Denadai,
Gomide, & Greco, 2005).
2.4.4

The speed and distance-time relationship concept of critical speed

Due to the difficulty of calculating power output during running exercise, Hughson, Orok and
Staudt (1984) were the first to design a treadmill test to apply the critical power concept to
running exercise, whereby speed and distance were analysed instead of power and work. In the
study, six cross-country runners ran to exhaustion on a treadmill at six different speeds ranging
between 19.2 and 22.4 km·h-1, where the time to exhaustion recorded at the range of speeds
varied from 2-12 min in duration (Hughson et al., 1984). Confirmation that the hyperbolic
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model (also used in the calculation of critical power) could be applied to a velocity-time
relationship was made, as a good fit of data was reported (R2 of individual plots ranging from
0.96 to 0.99) through the linear regression applied to velocity versus 1/time data (Hughson et
al., 1984). Therefore, the appraisal of speed to the critical power concept suggests a similar
relationship to that previously described in individual muscle groups (Monod & Scherrer,
1965) and in cycle ergometry (Moritani, Nagata, deVries, & Muro, 1981) was evident in
assessing treadmill speed and time to exhaustion (Hughson et al., 1984). This appraisal
however ignores the intermittent running demands of soccer where high-intensity and sprint
running speeds are often performed in durations shorter than 2 min. Nonetheless, runningbased parameters derived from this relationship were defined as θf, represented by the
intercept, and W´, represented by the slope of the velocity versus inverse time relationship
(Hughson et al., 1984). These parameters are now known as CS and D´ respectively, as CS has
previously been reported to reflect the highest sustainable running speed that can be maintained
without a continual rise in VO2 to VO2max, while D´ describes the maximum amount of work
(e.g. distance) that can be performed above CS (Jones et al., 2010). The utilisation of CS as an
indices of performance and monitor responses to exercise has been extensively demonstrated
(Clarke, Presland, Rattray, & Pyne, 2014, Florence & Weir, 1997, Hill & Ferguson, 1999,
Hughson et al., 1984). Significantly, the ease as to which CS is determined (compared to VO2max)

may take precedent in how practitioners test their athletes.

2.4.5

The proposed applications of the critical power concept within soccer

The requirement for elite soccer players to possess high capacities of aerobic and anaerobic
metabolic pathways, and assimilating it with the intensity domains of exercise, would suggest
there is validity in proposing a direction towards better understanding the use of CS in soccer
(Bull et al., 2008). As high-intensity activity is a key performance indicator of match play,
greater emphasis on individualising the classification of such intensities now exists within
intermittent exercise (Abt & Lovell, 2009). Previous attempts to define exercise intensity have
been based on a percentage of maximum heart rate (Helgerud et al., 2007, Hoff, Wisloff,
Engen, Kemi, & Helgerud, 2002), of VO2max (Bartlett et al., 2011, Rognmo, Hetland, Helgerud,
Hoff, & Slordahl, 2004), or of velocity at maximal aerobic capacity (Billat et al., 1998, Grant,
Craig, Wilson, & Aitchison, 1997). However, if high aerobic and anaerobic capacities
contribute to the required levels of physical performance in elite soccer, then it would be well
advised for practitioners to understand at what intensities these steady and non-steady state
responses occur. It is therefore proposed that establishing exercise intensities based on the
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measurement of CS is potentially more functionally valuable than using maximum values but
not discrete physiological constructs (such as speeds associated with VO2max). The potential
ease in difficulty of establishing submaximal thresholds using CS (instead of VO2max for
example) provides further benefit for its use in assessing performance.
There has already been some evidence to suggest that CS provides a more sensitive and detailed
physiological profile of soccer players than VO2max and LT. In fact, CS has reportedly been a
better predictor of exercise tolerance than the traditionally measured VO2max and LT during 10
km and marathon running performances, respectively (Florence & Weir, 1997, Gamelin et al.,
2006, Jenkins & Quigley, 1992). While there is an existing indication that a high VO2max is a
prerequisite for strong aerobic endurance performance in elite soccer (Reilly et al., 2000), submaximal parameters examining aerobic capacities may actually provide a more sensitive
marker of endurance performance (Bentley, Newell, & Bishop, 2007, Grant et al., 1997). The
ability to identify CS as a sub-maximal aerobic index may be important for the assessment and
monitoring of aerobic performance within elite soccer, particularly in-season when a plateau
in the development of maximal aerobic capacity has been reported to occur (Bangsbo, 1994,
Edwards, Clark, & Macfadyen, 2003). Furthermore, the measurement of changes in CS (and
ease of how CS is measured) after a training intervention is likely to be of greater functional
relevance than measures of discrete physiological constructs such as maximal aerobic capacity
or the lactate threshold (Jones et al., 2010). As CS parameters reflect distinct classifications of
intensity, this could allow metabolic strengths or weaknesses to be addressed (Clark, West,
Reynolds, Murray, & Pettitt, 2013). In fact, it has previously been suggested that the CP (or
CS) construct can serve as a conditioning tool in aiding the formulation of individualised highintensity interval running sessions (Berger, Tolfrey, Williams, & Jones, 2006, de Aguiar,
Turnes, de Oliveira Cruz, & Caputo, 2012) Therefore, this construct could be potentially
advantageous in respect to refining the physiological profiling of individual players.
A major challenge associated with the application of the “critical power concept” in soccer is
the protocol that it is associated with its determination. While CS has traditionally been viewed
as a treadmill analogue of CP (with testing performed inside a laboratory), the preference for
testing to be performed in the field in team sports (i.e. greater ecological validity) has resulted
in the validation of field-based CS testing (Clarke et al., 2014, Galbraith, Hopker, Lelliott,
Diddams, & Passfield, 2014, Kranenburg & Smith, 1996). The original determinations of CS
in the field required athletes to make major adjustments to their training schedules to
accommodate a protocol including a minimum of three track tests across two consecutive days
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(Kranenburg & Smith, 1996). In the modern construct of soccer, given large playing squads
and limited time frames amidst congested schedules, it comes as no surprise that the
determination of CS has not been feasible given the physical demand already associated with
training and match play. More recently, however, single-visit tests have been validated for
athletes (Clarke et al., 2014, Galbraith et al., 2014). While Galbraith et al., (2014) validated
three continuous-running protocols of 3600, 2400 and 1200 m in a single session, Clarke et al.
(2014) utilised three shuttle-running protocols of 100, 400 and 1500 m. Both studies concluded
that the ease and accessibility of the test protocols relating to minimal equipment requirements
and the ability to perform the tests on outdoor fields made the respective protocols suitable
alternatives for assessing CS in the field. Nevertheless, practitioners may still question the
administration of single-session testing to determine CS, particularly during the in-season
phase of competition when there is a large volume of matches and limited opportunities to
perform exhaustive testing during training sessions.
The possibility of determining CP during competition, to eliminate any requirement for
separate test sessions or additional days to the training schedule, provides a sound basis for
was first explored in cycling by Quod et al. (2010). Variables measured during laboratory
fitness tests have previously been shown to be valid predictors of cycling time-trial
performance (Quod et al., 2010). External influences (including drafting, tactics and the
variability of power output in road races), however, have made comparisons between
laboratory and competition performances difficult (Quod et al., 2010). Therefore, Quod et al.,
(2010) compared the power produced during a laboratory test to that of competition data. The
laboratory power profile test consisted of seven maximal efforts (i.e. 6, 6, 15, 30, 60, 240 and
600 s) which were designed to replicate an all-out sprint (6 to 30 s) cyclist pacing strategies
(60 to 600 s). Due to the variability in power output during competition, maximal mean power
analyses were used to identify maximal mean power output produced in various durations (e.g.
5, 15, 30, 60, 240 and 600 s) (Quod et al., 2010). The trivial effect sizes for durations of 60 to
600 s indicated that these variables were similar between laboratory testing and competition
(Quod et al., 2010). In contrast, the small-to-moderate effect sizes reported for maximal mean
power values calculated over smaller durations (5, 15 and 30 s) suggests that some differences
may exist between the laboratory test and competition data (which could not be detected)
(Quod et al., 2010). In a novel approach, Quod et al., (2010) used maximal mean power values
to estimate CP by plotting values to create a hyperbolic power-time relationship, with trivial
differences found between CP estimated during competition and that calculated during the
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laboratory test. These results indicated that comparisons between laboratory-based testing and
competition-derived maximal mean power and CP can be made, despite the variability in power
output and influences of drafting and team tactics that had previously limited the ability to
make such comparisons. The ability to determine CS during competition (i.e. in soccer) would
be of great interest to the practitioner in determining match intensities and assessing physical
performance.
With this in mind, the possibility of determining CS and CPmet with use of maximal mean
analyses is intriguing. Applying this mode of analysis to speed and Pmet data obtained using
GPS could provide practitioners with information relating to players’ maximal capacities to
achieve speed and Pmet during specific time windows. These duration-specific movement
indicators apply a moving average of GPS data over specified time intervals and have been
used to monitor performance and prescribe training in Gaelic football (Malone et al., 2017),
Australian football (Delaney, Thornton, Burgess, Dascombe, & Duthie, 2017) and soccer
(Roecker, Mahler, Heyde, Röll, & Gollhofer, 2017). If this mode of analysis can be used in
cycling to estimate CP during competition (Quod et al., 2010), determining CS and CPmet from
match GPS data in soccer could be possible. Additionally, the previous challenges associated
with the application of CS (and therefore CPmet) around the necessity to test CS outside of the
normal training schedule would be overcome as match data would be used. Significantly,
estimates of CS and CPmet in soccer could provide the practitioner with a useful tool to monitor
match intensity, which would be of particular use during the in-season phase. As this phase is
conditioned to high volumes of match play, the ability to assess physical capacities from match
intensities (instead of laboratory or field-based testing) could be of particular interest to
practitioners.
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CHAPTER THREE
A REDUCTION IN MATCH-TO-MATCH VARIABILITY USING MAXIMAL MEAN
ANALYSES TO ASSESS MATCH RUNNING PERFORMANCE IN SUB-ELITE
SOCCER
3.1

Abstract

Match-to-match variability of external loads measured by global positioning systems (GPS)
were examined over 2 to 10 National Premier League soccer competition data sets. GPS data
were collected from 20 sub-elite soccer players during one season. A total of 26 competitive
games were recorded and 10 were utilised within final match-to-match analysis based on
stringent data selection criteria. A symmetric moving average algorithm was applied to GPS
data over specific time windows (1, 5, 10, 60, 300 and 600 s), and maximal speed and metabolic
power values then calculated at each time point during each match. Match-to-match
coefficients of variation (CV) were greatest for sprint-speed running distance (36.3-43.6%)
when comparing 2 versus 10 matches. CVs for maximal mean speed (4.9-7.0%) and metabolic
power (4.4-9.6%) ranged from good to moderate. The present findings identified minimal
variation when comparing maximal mean (i.e. speed and metabolic power) and absolute (i.e.
distance) measures over 2 to 10 matches, however greater consistency, indicated by good to
moderate variability was found in a minimum of 4 matches. Additionally, as the variability of
absolute high-speed distance values are greater, and therefore less reliable, their use as
indicators of performance is reduced, suggesting that maximal mean analyses could be used as
an alternative in the assessment of match running performance during competitive matches.

29

3.2

Introduction

The use of global position system (GPS) technology is common for the assessment of external
load (i.e. match running performance) in team sports (Buchheit et al., 2014b). Typically, data
obtained from GPS devices are used to determine displacement-related variables such as total
distance, average and peak movement speeds (including acceleration), and the amount of time
or distance covered in different speed zones (Coutts & Duffield, 2010, Impellizzeri, Marcora,
& Coutts, 2019). The integration of instantaneous speed and acceleration (i.e. metabolic power)
data has provided a more comprehensive assessment of intermittent team sport demands, as
metabolic power analyses account for the acceleration (and deceleration) demands of
intermittent sports (Polglaze et al., 2018a).
Recent law changes by the Fédération Internationale de Football Association (FIFA) have
permitted the use of GPS tracking technologies in official competitive soccer matches (FIFA,
2015), allowing the same data capture system to be used in both training and games. While the
variability in total movement distance recorded by GPS has previously shown to be acceptable,
high-speed (and sprint-speed) activities were susceptible to greater variability (Carling et al.,
2016, Gregson, Drust, Atkinson, & Salvo, 2010, Rampinini et al., 2007b, Trewin, Meylan,
Varley, & Cronin, 2018). Therefore, while total distance is a relatively stable outcome variable,
speed variables describing player movements at high velocities are more variable indicators of
running performance. Despite previous recommendations in rugby league (Kempton, Sirotic,
& Coutts, 2018) and soccer (Trewin et al., 2018) to establish the between-match coefficients
of variation within their athlete populations (to quantify variations specific to their cohort),
previous analyses of smaller blocks of data points (e.g. 2 to 10 matches) is limited.
Understanding such variations over shorter windows may provide more useful understanding
of athlete maximal capacities, and thus is important for both tracking performance
characteristics and to understand data variation.
Running volume typically decreases as a soccer match progresses (Carling & Dupont, 2011),
with players covering greater distances in the first 15 min of a match compared with the last
15 min (1919 ± 125 vs 1775 ± 158 m). Despite this, total distances may not adequately
represent peak running-speed demands. Although there is a discrepancy in total distances
achieved within various blocks of time during a match, the analysis of absolute (i.e. total)
distances may ignore a soccer player’s capacity to achieve greater running speeds during a
period of a match where less distance may be reported. As a result, moving-average analysis
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methodologies have recently been explored to understand maximum maintainable running
speeds over a specific duration (Malone et al., 2017, Roecker et al., 2017).
As GPS devices are used extensively in soccer, the quantification of match-to-match variations
in external work load is of great importance. Previous investigation into match-to-match
variations of external work load over a smaller (and specific) data set (e.g. 2 to 10 matches) is
limited, however, which practitioners are likely to use in comparing data to assess physical
performance (i.e. a mesocycle block; analysis of data over a month). Understanding the
minimum number of matches required for reliable comparisons of external load allows
practitioners to determine whether maximal performance capacities have been achieved within
a period of analysis such as a mesocycle block. Therefore, the main purpose of this study is to
examine match-to-match variations of match running performance over a specific number of
matches. An understanding of match-to-match variations will assist the practitioner in
understanding between-match variations, to allow well-founded comparisons of physical
performance between match data sets to be made.
3.3
3.3.1

Methods

Experimental Approach to the Problem

The current study was designed to examine competition data set variability of distances and
maximal maintainable speed and metabolic power over a number of matches (i.e. 2 to 10),
using GPS technology. As practitioners may analyse match data in blocks (e.g. microcycle and
mesocycle) (Malone et al., 2015), it is important to understand the variability of match data
when comparing between a range of match data sets.
3.3.2

Participants

Twenty (n=20) sub-elite soccer players from a National Premier League (NPL) team (age, 19.1
± 1.2 y; body mass, 72.4 ± 2.7 kg) volunteered for the current study. Player inclusion criteria
included: (1) participation in at least 10 NPL competitive games, (2) completion of the full 90min match duration, (3) players playing in their customary position throughout, and (4) matches
in which the team playing system (e.g. formation; 1-4-3-3) was unchanged. This stringent
selection criteria led to the inclusion of 10 out of a possible 20 soccer players for each match
(i.e. outfield players who started). Additionally, the selection criteria resulted in rounds 1 to 10
of the competitive season being used for analysis. Goalkeepers were excluded from data
collection. Positional demands were not analysed due to limited observations between
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positions. Written informed consent and medical declarations were obtained from participants
before ethical approval for the study was granted by the University’s Human Research Ethics
Committee (ID14821).
3.3.3

Procedures

GPS data were collected from the 20 NPL soccer players in the same team during the 2017
season. Of these, only 16 players participated in the match-day squad and, therefore, a total of
416 individual match samples were collected from 26 NPL matches (13 home and 13 away).
All competitive games commenced at 1500 hours local time. Between matches, players
typically completed three on-field training sessions and one gym-based session.
3.3.4

Data Analysis

Displacement and velocity data during NPL matches were captured using 15 Hz GPS devices
(SPI HPU GPSports Systems, Canberra, Australia) which record positional data at 5 Hz. This
data is then supplemented by accelerometer data to record interpolated position at 15 Hz. GPS
technology has previously been shown to be effective at providing acceptably valid and reliable
information to describe locomotor activity (Barr et al., 2019). Each player wore the same device
throughout the season. The devices were turned on and placed in customised vests before being
fitted to each player prior to the warm up. This allowed data collection to begin at least 15 min
before the commencement of each match (Kempton, Sirotic, Cameron, & Coutts, 2013). All
participants had previously been familiarised with GPS units during training and matches.
At the end of each match, GPS data were downloaded to Team AMS proprietary software (R1
2017.1, GPSports Systems, Canberra, Australia). Each match data file was then split into first
and second half periods of play (time period between first and second half was excluded) and
exported to Microsoft Excel (2013, Microsoft, USA), where first and second half data files
were combined. This created individual performance profiles for each competitive game,
providing classification of distance covered through total distance (m), metres per minute
(m·min-1), distance covered at >5.5 m·s-1 (i.e. high-speed running distance; HSR) and distance
covered at >7 m·s-1 (i.e. sprint-speed running distance; SSR). (Carling et al., 2016).
Additionally, rolling averages were analysed across 6 specific durations (1, 5, 10, 60, 300, 600
s) for each player, with a maximum value for each specific duration recorded in speed (maximal
mean speed; MMS; m·s-1) and metabolic power (maximal mean metabolic power; MMPmet;
W·kg-1). True estimations of physiological cost requires the sum of all displacements relating
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to acceleration (di Prampero et al., 2005, Polglaze et al., 2018a). An approach to equate such
acceleration demands used by di Prampero et al., (2005) makes the estimation of instantaneous
metabolic power (Pmet) possible. Metabolic power was calculated using equations previously
outlined (di Prampero et al., 2005).
3.3.5

Statistical Analysis

The data were analysed using SPSS statistics software (SPSS 23, Chicago, IL, USA). Data are
presented as means ± standard deviation (SD), where appropriate, as measures of centrality and
spread of data for all dependent variables. Data were checked for normality prior to statistical
analysis. Coefficient of variation (CV) and 95% confidence intervals (95% CI) were calculated
after logarithmic transformation. Measures of CV, which is the variation of performance
expressed as a percentage of average performance, were rated as either good (0 to <5%),
moderate (5 to 10%), or poor (≥ 10%). The between-subject standard deviation was multiplied
by 0.2 to determine the smallest worthwhile change (SWC) for each measure, with 0.2
representing a small, but non-trivial, effect size (Sullivan & Feinn, 2012). The minimum
criterion change required to produce a probable significant change in performance was
investigated using a progressive statistical approach. The SWC can be used to assess true
differences in performance, observed as a change greater than the SWC (Hopkins, Marshall,
Batterham, & Hanin, 2009).
3.4

Results

The NPL competition data sets variations and smallest worthwhile changes (SWC) on match
external load parameters are presented in Table 3.1. Coefficient of variation (CV) values ranged
3.1 - 43.6%, with the lowest associated with total distance (TD; 3.6-4.6%) and average distance
(m/min; 3.1-4.5%). Moderate to poor CV values were observed through high metabolic load
distance (6.7-11.8%). Distances achieved at greater speeds (i.e. above 5.5 m·s-1) were found to
have the highest variation, as observed in high-speed running (HSR; 22.3-26.6% and sprintspeed running (SSR; 36.6-43.6%).
The CV values calculated for maximal mean speed (MMS) are presented in Table 3.2, and
ranged 4.9 - 10.2% for all metrics. MMS600 was the only value that displayed an overall
reduction in CV when measured over 10 versus 2 matches. Additionally, CV values for
maximal mean metabolic power (MMPmet) are presented in Table 3.3, and ranged 4.4 - 10.7%
for all metrics. An overall increase in CV when measured over 10 versus 2 matches was
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observed in all MMPmet. Minimal variations in MMS and MMPmet match data during the first
4 NPL matches analysed of a soccer player are presented in Figure 3.1.
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Table 3.1. Mean (± SD), coefficient of variation (CV%), 95% confidence intervals (95% CI) and smallest worthwhile change (SWC) for total
distance (TD), mean speed (m·min-1), high-speed running (HSR; >5.5 m·s-1) distance, sprint-speed running (SSR; >7 m·s-1) distance and high
metabolic load (≥20 W·kg-1) distance over 2, 4, 6, 8 and 10 National Premier League (NPL) competition data sets.

Total distance (m)
Mean±SD
95% CI
CV%
SWC
Mean speed (m·min-1)
Mean±SD
95% CI
CV%
SWC
High-speed distance (m)
Mean±SD
95% CI
CV%
SWC
Sprint-speed distance (m)
Mean±SD
95% CI
CV%
SWC
High metabolic load distance (m)
Mean±SD
95% CI
CV%
SWC

2 Matches

4 Matches

6 Matches

8 Matches

10 Matches

11842 ± 827
10592-11776
3.6
165.5

11153 ± 913
10500-11807
4.5
182.6

11178 ± 904
10531-11826
4.6
180.9

11147 ± 921
10489-11806
4.4
184.2

11214 ± 926
10551-11877
4.3
185.2

116.0 ± 9.6
109.1-122.9
3.1
1.9

116.8 ± 10.1
109.6-124.0
4.3
2.0

117.4 ± 9.7
110.5-124.3
4.5
1.9

117.0 ± 9.8
110.0-124.0
4.3
2.0

117.7 ± 9.8
110.7-124.7
4.3
2.0

589.4 ± 208.1
440.6-738.2
26.6
41.6

580.6 ± 207.3
432.3-728.9
22.7
41.5

599.8 ± 202.7
454.8-744.8
23.6
40.5

592.4 ± 193.6
453.9-730.9
22.7
38.7

602.5 ± 190.0
466.6-738.3
22.3
38.0

106.9 ± 60.8
63.4-150.4
36.3
12.2

91.1 ± 52.6
53.5-128.7
43.6
10.5

94.1 ± 57.0
53.3-134.9
42.9
11.4

90.7 ± 49.4
55.4-126.1
42.4
9.9

89.8 ± 47.9
55.5-124.1
41.8
9.6

3232±621
2788-3677
6.7
124.3

3091±620
2647-3535
9.0
124.1

2987±575
2575-3992
9.3
115.1

3013±566
2600-3427
11.8
115.7

3042±566
2673-3448
11.5
113.4
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Table 3.2. Mean (± SD), coefficient of variation (CV%), 95% confidence intervals (95% CI)
and standard error of measurement (SEM) for maximal mean speed (MMS) of 1 (MMS1), 5
(MMS5), 10 (MMS10), 60 (MMS60), 300 (MMS300) and 600 (MMS600) seconds over 2, 4, 6, 8
and 10 National Premier League (NPL) competition data sets.

MMS1 (m·s-1)
Mean±SD
95% CI
CV%
SWC
MMS5 (m·s-1)
Mean±SD
95% CI
CV%
SWC
MMS10 (m·s-1)
Mean±SD
95% CI
CV%
SWC
MMS60 (m·s-1)
Mean±SD
95% CI
CV%
SWC
MMS300 (m·s-1)
Mean±SD
95% CI
CV%
SWC
MMS600 (m·s-1)
Mean±SD
95% CI
CV%
SWC

2 Matches

4 Matches

6 Matches

8 Matches

10 Matches

7.9±0.4
7.6-8.2
5.4
0.08

8.0±0.3
7.8-8.2
5.2
0.05

8.0±0.3
7.7-8.2
5.5
0.06

8.0±0.3
7.7-8.2
5.3
0.07

8.0±0.3
7.7-8.2
5.3
0.06

7.0±0.4
6.7-7.2
5.4
0.08

7.1±0.2
7.07.3
6.2
0.05

7.1±0.3
6.9-7.4
6.5
0.06

7.1±0.4
6.9-7.4
6.8
0.07

7.1±0.3
6.9-7.4
6.6
0.06

5.8±0.3
5.5-6.0
5.8
0.07

5.9±0.3
5.7-6.2
6.5
0.07

6.0±0.3
5.7-6.2
6.9
0.07

6.0±0.4
5.8-6.3
7.0
0.07

6.0±0.3
5.8-6.3
6.7
0.07

3.4±0.2
3.2-3.5
6.1
0.04

3.4±0.2
3.3-3.5
4.9
0.04

3.4±0.1
3.3-3.5
5.7
0.03

3.4±0.2
3.3-3.5
6.3
0.03

3.4±0.2
3.3-3.5
6.0
0.03

2.5±0.3
2.3-2.7
10.2
0.05

2.5±0.2
2.3-2.6
6.1
0.05

2.5±0.2
2.3-2.7
6.8
0.05

2.5±0.2
2.3-2.6
6.5
0.04

2.5±0.2
2.3-2.6
6.2
0.04

2.3±0.2
2.2-2.4
8.4
0.04

2.3±0.2
2.2-2.4
5.8
0.04

2.3±0.2
2.2-2.4
5.3
0.04

2.3±0.2
2.2-2.4
5.2
0.03

2.3±0.2
2.2-2.4
4.9
0.04
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Table 3.3. Mean (± SD), coefficient of variation (CV%), 95% confidence intervals (95% CI)
and standard error of measurement (SEM) for maximal mean metabolic power (MMMP) over
1 (MMMP1), 5 (MMMP5), 10 (MMMP10), 60 (MMMP60), 300 (MMMP300) and 600
(MMMP600) seconds over 2, 4, 6, 8 and 10 National Premier League (NPL) competition data
sets.

MMPmet1 (W·kg-1)
Mean±SD
95% CI
CV%
SWC
MMPmet5 (W·kg-1)
Mean±SD
95% CI
CV%
SWC
MMPmet10 (W·kg-1)
Mean±SD
95% CI
CV%
SWC
MMPmet60 (W·kg-1)
Mean±SD
95% CI
CV%
SWC
MMPmet300 (W·kg-1)
Mean±SD
95% CI
CV%
SWC
MMPmet600 (W·kg-1)
Mean±SD
95% CI
CV%
SWC

2 Matches

4 Matches

6 Matches

8 Matches

10 Matches

92.9±9.9
85.7-100.0
10.7
2.0

93.8±6.3
89.3-98.3
9.4
1.3

93.8±6.7
88.9-98.6
9.2
1.3

94.3±6.3
89.7-98.8
9.3
1.3

94.0±6.4
89.4-98.5
8.7
1.3

51.7±5.3
48.0-55.5
10.2
1.1

52.4±3.4
50.0-54.9
9.4
0.7

52.7±3.4
50.3-55.1
9.6
0.7

52.7±3.9
49.9-55.5
9.2
0.8

52.6±3.6
50.0-55.2
9.1
0.7

37.6±2.4
35.8-39.3
6.5
0.5

37.8±2.0
36.4-39.2
7.4
0.4

38.4±2.6
36.5-40.3
7.9
0.5

38.5±2.5
36.7-40.2
7.6
0.5

38.6±2.3
37.0-40.3
7.3
0.5

18.8±1.2
18.0-19.7
6.3
0.2

18.9±0.9
18.2-19.6
5.0
0.2

19.0±0.7
18.5-19.5
5.3
0.1

19.0±0.8
18.4-19.5
5.7
0.2

19.0±0.8
18.4-19.6
5.6
0.2

13.8±1.0
13.1-14.5
7.2
0.2

13.8±1.0
13.1-14.5
5.1
0.2

13.9±1.0
13.1-14.6
6.0
0.2

13.8±1.0
13.1-14.5
5.9
0.2

13.8±1.0
13.1-14.5
5.5
0.2

12.6±1.1
11.9-13.4
8.8
0.2

12.6±1.0
11.9-13.3
4.5
0.2

12.7±0.9
12.0-13.4
4.4
0.2

12.6±1.0
12.0-13.3
4.6
0.2

12.7±1.0
12.0-13.4
4.4
0.2
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Figure 3.1. Maximal mean speed (MMS; 3.1A) and maximal mean metabolic power (MMPmet;
3.1B) data at 1-s, 5-s, 10-s, 60-s, 300-s and 600-s time points of a soccer player during the first
4 National Premier League (NPL) matches analysed.
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3.5

Discussion

The purpose of the present study was to (i) investigate the match-to-match variability of
external work load (e.g. match running performance) over 2 to 10 National Premier League
(NPL) competition data sets, and (ii) assess the variability of maximal mean speed (MMS) and
maximal mean metabolic power (MMPmet) for the first time in soccer. The major findings from
the analyses were that (1) minimal variation exists between 2 and 10 competition data sets, and
(2) compared with high-speed and sprint-speed running, the lower variability of MMS and
MMPmet suggests that the moving average methodology of analysis could be a reliable
alternative to absolute displacement measures when assessing match running performance.
While the variability in displacement measures has been extensively investigated (Carling et
al., 2016, Gregson et al., 2010, Maddison & Ni Mhurchu, 2009, Scott, Scott, & Kelly, 2016,
Trewin et al., 2018), the determination of variability of these measures over a specific number
of data sets is limited. It is common practise for practitioners to compare data sets in order to
assess changes in performance, particularly in the assessment of periodised programs.
Therefore, understanding the degree of variability observed when calculating the variables over
a specific number of data sets will be of use to practitioners. The present study investigated the
variability of match-running performances over a range of competition data sets (2 to 10
matches) to assess differences in the variation of competition data sets, and thus whether blocks
of mesocycle data can be reliably used. Additionally, these data also provides an indication of
match-to-match variations in physical performance, which is important for understanding the
external work load of a player across multiple events (e.g. external loading within a month).
The greatest change in CV was observed in sprint-speed running distance (-5.5%; Table 3.1)
when comparing 2 versus 10 matches. These findings suggest that little variation in reliability
exists between 2 and 10 matches, however the poor (>10%) CV ratings of absolute MMS300,
MMPmet1 and MMPmet5 data through 2 matches suggests that four matches is better suited for
consistent good to moderate match-to-match comparisons of external training load in the
current cohort of players.
The between-match variability in the present investigation is greater than those previously
reported in professional soccer players (Gregson et al., 2010, Rampinini et al., 2007b).
Specifically, present CV findings for total distance (4.6% vs 2.4%) and high-speed running
distance (26.6% vs 6.8%) exceeded those reported by Rampini et al., (2007) across a full
season. Despite similar sample sizes, it can be speculated that three factors contributed to the
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large variation of high-speed running CV recorded between studies. Firstly, while GPS
technology was used in the present study, a semi-automated video match analysis image
recognition system was utilised in the comparing study, which provides greater accuracy in
displacement measures (Rampinini et al., 2007b). Secondly, the present study defined highspeed running distance as any activity above 5.5 m·s-1, compared with Rampini et al., (2015)
who reported high-speed running distance as distances achieved between 5.5 and 7 m·s-1, and
would therefore limit the distance recorded in such a specific speed band. Finally, the level of
competition should be considered in the comparison between studies; the present study utilised
players from a sub-elite Australian academy (under 21 y), while Rampini et al., (2015) analysed
elite European soccer players. These considerations highlight recommendations previously
made (Kempton et al., 2018, Trewin et al., 2018), suggesting it is necessary to establish CVs
for each reference athletic population due to the specific characteristics of a given cohort.
Nonetheless, despite the aforementioned differences in technology, classification of high-speed
running zones and level of competition, the present and previous research report similar trends
of match-to-match variations with increasing running speeds.
The large degree of variability in high (SWC 41.6%) and sprint-speed (SWC 11.4%) running
distance (Table 3.1) supports previous findings (Gregson et al., 2010, Trewin et al., 2018) that
absolute high-speed running distances are not consistent between matches. As such, single
match observations do not provide reliable profiles of match-running activity and it therefore
has been recommended that observations from multiple matches are necessary to accurately
represent high-speed running match capabilities (Gregson et al., 2010). Additionally,
situational factors within competition are known to alter player and match running performance
(Castellano, Blanco-Villasenor, & Alvarez, 2011), which was not accounted for within the
present findings. A contributing (and limiting) factor to the greater variations found in the
present findings, could also be the lack of positional definition due to limited positional
numbers within the study cohort.
While fixed speed thresholds have previously been discussed, these are limited in their
application to the individual. Therefore, maximal locomotor activities (i.e. speed and metabolic
power) have been examined in the current study using moving averages (see Figure 3.1).
Despite previous research on duration specific maximal running performance existing in Gaelic
(Malone et al., 2017), Australian Rules (Delaney et al., 2017), and soccer (Roecker et al., 2017),
the variability of moving average methodology analyses (i.e. MMS and MMPmet) has yet to be
investigated. The variability of at least 4 (i.e. 4, 6 and 10) matches in MMS (4.9-8.4%; Table
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3.2) and MMPmet (4.4-9.6%; Table 3.3) values when compared with that of absolute high-speed
running distance values suggests that maximal mean running performance values provide
greater reliability within the mode of match running performance analysis and therefore is a
reliable alternative match running performance analysis. This was further demonstrated by
comparing the larger smallest worthwhile changes (SWC) in absolute match running distances
(1.9-185.2) with that of MMS (0.03-0.07) and MMPmet (0.1-1.3) values.
In conclusion, the variability of absolute high-speed distances achieved during soccer matches
negatively affects its use as an indicator of running performance. Meanwhile, the present
findings suggest that the application of the moving average methodology could be a reliable
alternative to quantification of absolute high-speed distances. Furthermore, while the present
findings identified little difference in values obtained by averaging data over 2 to 10 matches,
the greater consistency revealed by moderate-to-good CVs obtained averaging over four or
more matches, particularly for maximal mean analyses, suggests that practitioners can make
reliable comparisons of these match data when averaging data over at least 4 matches. The
present findings highlight the importance of exploring the variability (CV) of a particular
athletic population to determine the optimum method of tracking training loads within a
particular cohort.
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CHAPTER FOUR
RELIABILITY AND VALIDITY OF MAXIMAL MEAN AND CRITICAL SPEED
AND METABOLIC POWERS IN AUSTRALIAN YOUTH SOCCER PLAYERS
4.1

Abstract

The reliability and validity of maximal mean speed (MMS), maximal mean metabolic power
(MMPmet), critical speed (CS) and critical metabolic power (CPmet) were examined throughout
the 2016-2017 soccer National Youth League competitions. Global positioning system (GPS)
data were collected from 20 sub-elite soccer players during a battery of maximal running tests
and four home matches. A symmetric moving average algorithm was applied to the
instantaneous velocity data using specific time windows (1, 5, 10, 60, 300 and 600 s) and peak
values were identified. Additionally, CS and CPmet values calculated from match data were
compared with CS and CPmet values determined from previously validated field tests to assess
the validity of match values. Intra-class correlation (one-way random absolute agreement)
scores ranged 0.577  0.902 for speed, and 0.701  0.863 for metabolic power values.
Coefficients of variation (CV) ranged from good to moderate for speed (4-6%) and metabolic
power (4-8%). Only CS and CPmet values were significantly correlated (r=0.842; 0.700) and
not statistically different (P=0.066; 0.271) respectively, to values obtained in a shuttle-running
critical test. While the present findings identified match-derived MMS, MMPmet, CS and CPmet
to be reliable, only CS and CPmet derived from match play were validated to a CS field test that
required changes in speed and direction rather than continuous running. This suggests that both
maximal mean and critical speed and metabolic power analyses could be alternatives to
absolute distance and speed in the assessment of match running performance during
competitive matches.
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4.2

Introduction

It was identified in the initial study (Study 1) that comparing a minimum of four match data
sets would provide practitioners with suitable variability to make comparisons of external
loads. Importantly, the poor variability of absolute high-speed and sprint-speed distances
reduces its use as an indicator of match running performance. Instead, the good to moderate
variability of MMS and MMPmet measures (with a minimum of four match data sets) suggest
that moving average methodologies, which identify maximal intensities associated with
specific time windows during a match, would be a useful alternative to reporting absolute highspeed distances. These results provide insight into the variability associated with making
comparisons over a number of data sets.
The aim of Study 2 was to assess the validity and reliability of GPS-derived measures of MMS,
MMPmet, CS and CPmet. Subsequently, the reliability of these match measures would be
assessed over four match data sets as best determined by Study 1. Reproducible and valid
measures of MMS, MMPmet, CS and CPmet could provide practitioners with variables that
assess maximal match intensities for each individual.
Physical performance in soccer is commonly assessed by use of global positioning systems
(GPS) (Buchheit et al., 2014b). Recent studies assessing running performance have explored
the use of duration-specific movement indicators (Delaney et al., 2017, Malone et al., 2017,
Roecker et al., 2017). This form of assessment applies a moving average to GPS data over
specified time intervals, and has been previously used to prescribe position-specific field-based
conditioning drills in Gaelic and Australian Rules football (Delaney et al., 2017, Malone et al.,
2017). While the use of moving average data analyses in soccer is in its infancy, an initial
match-to-match variation study suggested that this form of analysis was associated with a
reduced between-match variability of running performance variables, particularly when
assessed at higher speeds, compared with that of absolute distances achieved during match play
(Study 1).
While player displacement (distance) measures are most commonly used to quantify the
physical demands of soccer (Bloomfield et al., 2007, Bowen et al., 2017, Carling et al., 2016),
their association with the total metabolic work or exercise (physiological) intensity during
intermittent exercise requiring frequent changes in speed and direction has previously been
questioned (Polglaze et al., 2018a, Polglaze et al., 2016). Therefore, true estimations of
physiological cost (i.e. external work load) must account for all changes in velocity (relating
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to acceleration), as occurs in soccer (di Prampero et al., 2005, Polglaze et al., 2018a). An
approach to estimate such acceleration demands proposed by di Prampero et al., (2005) makes
the estimation of instantaneous metabolic power (Pmet) possible. While this approach still only
accounts for locomotor demands in soccer, incorporating the cost of changing speed provides
a more complete estimation of energy expenditure during variable-speed locomotion (Polglaze
et al., 2018a).
While Pmet analyses have already been performed in soccer (Osgnach et al., 2010), applying
the rolling average methodology to Pmet has yet to be explored. The moving average analysis
methodology has previously been used in the analysis of power output during road cycling
races, where it was considered a useful tool for quantifying elements of cycling performance
(Quod et al., 2010). Due to the variability in power output in cycling races, the analysis of
maximal mean power has become a popular method of assessing a cyclist’s capacity to produce
power during competition (Abbiss, Straker, Quod, Martin, & Laursen, 2010, Ebert et al., 2005,
Quod et al., 2010, Vogt et al., 2007). Despite power output fluctuating considerably over the
course of a race, maximal mean power calculations allowed assessments of a cyclist’s capacity
to produce maximal power over specific time intervals (Quod et al., 2010). The curvilinear
relationship between power output and time reaches a plateau at critical power (Jones &
Vanhatalo, 2017). Critical power distinguishes the power output that can be sustained with
stable values of muscle phosphocreatine, blood lactate and pulmonary oxygen uptake, and thus
provides insight into physiological responses, fatigue mechanisms and performance capacity
(Jones & Vanhatalo, 2017). This concept has also been evaluated in the analysis of speed (i.e.
critical speed) during running-based events (Clarke et al., 2014). While this concept has
generally been explored in laboratory and field-based testing environments, Quod, Martin,
Martin and Laursen (2010) utilised the rolling average methodology (e.g. maximal mean
power) to validate critical power in competitive cycling, concluding that the estimation of
critical power can be performed during competition. While the likelihood of maximal
intensities (e.g. speed or Pmet) for extended periods of match play are minimal due to the
stochastic physical demands associated with soccer, this information could nonetheless be of
use to the practitioner.
A first step towards determining the efficacy of moving average analysis methodology and the
concept of critical speed and Pmet is to determine both the reliability and validity of these
variables. Therefore, the purposes of this study were to examine (i) the reproducibility of
maximal mean speed (MMS), maximal mean metabolic power (MMPmet), critical speed (CS)
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and critical metabolic power (CPmet) calculations during soccer matches, and (ii) the differences
in MMS, MMPmet, CS and CPmet values derived from GPS data obtained during matches versus
field-based maximal effort running tests.
4.3
4.3.1

Methods

Participants

Twenty (n=20) sub-elite soccer players from a National Youth League (NYL) team (age, 19.1
± 1.2 y; body mass, 72.4 ± 2.7 kg) volunteered for the current study during the 2016-17
(October-January) season. Participants trained on average 6 ± 1 hr per week before match day.
All participants had a minimum of 5 years of playing experience and were familiar with field
testing procedures and exercising to exhaustion. Goalkeepers were not included in the study.
Before data collection, the participants provided written informed consent and medical
declarations were obtained. Ethical approval for the study was granted by the University’s
Human Research Ethics Committee (ID14821).
4.3.2

Design and Procedures

Participants completed three field-based test sessions, each separated by a week, before
competing in the 8-match NYL competition. This allowed the reliability and validity of
competition MMS, MMPmet, CS and CPmet calculations to be assessed. Four home fixtures were
played on a well-maintained outdoor grass soccer pitch, and data collected in these matches
were used for reliability and validity investigation. This ensured that the playing ground was
consistent and that participants were not affected by interstate travel. Furthermore,
investigating the match-to-match variation of four competitive matches would highlight the
match data variation within a microcyle (analysis of a week) and mesocycle (analysis of a
month). No rain was recorded during each of the four home matches, while the temperature
ranged from 29.3°C to 33.2°C (with an average of 32.4°C).
The participants wore 15 Hz GPS units (SPI HPU; GPSports Systems, Canberra, Australia)
during all field test sessions and throughout NYL competition, which recorded positional data
at 5 Hz. Each 5 Hz data point is extrapolated to create two extra data points either side of the
measured value. Previously, GPS technology has shown to be effective at providing acceptably
valid and reliable measures of locomotor activity (Barr et al., 2019). GPS units were inserted
into the back of a vest top which was worn under the training and competition jerseys, with the
unit positioned in the centre of the upper back area slightly superior to the scapulae apexes. All
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GPS units were activated at least 30 min prior to data collection to allow for the acquisition of
satellite signals, as per manufacturer’s instructions. To minimise the effect of inter-unit error,
each player was allocated the same unit throughout the study. All participants were familiarised
with the GPS units as part of their day-to-day training and competition practises.
4.3.3

Field Test Protocols

The participants were instructed to arrive at each of the three field test sessions one hour before
the allocated start time in a rested and fully hydrated state, avoiding strenuous exercise in the
24 h preceding the test. Each field test session was completed at the same time of day, with 7
days between tests. They wore the same equipment (soccer boots and shin pads) and attire
(socks, shorts and shirt) that they would normally wear during competition.
Before each test, participants completed a standardised warm-up consisting of 5 min of
dynamic movements (i.e. jogging) followed by 5 min of dynamic stretching (focussing on the
lower limbs). Participants were instructed to cover the set distances, as described below, in the
fastest time possible, with runs recorded manually to the nearest second using a stopwatch
(S056-4000, Seiko, Japan) (Galbraith et al., 2014). Distance-time data were used to calculate
maximal critical values for speed and Pmet from the three set distances competed during both
straight line and shuttle critical speed field tests. Participants were not provided feedback on
the elapsed time of runs.
4.3.3.1

Maximal Straight Line Running Effort

A 400-m running track (consisting of two circles with a radius of 32 m at both ends of two 100m straight line tracks) was created to test for maximal running efforts over 40, 100 and 400 m.
Markers were placed at 0, 40 and 100 m to mark the specific run distances. To ensure that
participants completed the distances at maximal speed, and that no reduction in speed over the
set distances was evident, different coloured markers were placed at 2 (also facilitating 402 m),
42 and 102-m points. Participants were instructed to complete each of the three runs to the
second marker to ensure speed reductions did not occur before the completion of 40, 100 and
400-m distances. Participants were given 10 min passive recovery between each run.
4.3.3.2

Critical Speed Field Test (Continuous Running)

Based on the CS field-test methodology of Galbraith et al., (2014), a 400-m running track (as
used in Field Test Session 1) was created to allow participants to complete 1200, 2400 and
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3600 m of continuous running (3, 6 and 9 laps, respectively). A marker was placed at 0 m as
the starting point for each run and to track the completion of laps. Runs were conducted in the
order of longest (3600 m; 9 laps) to shortest (1200 m; 3 laps) distance (i.e. lowest to highest
mean speed), matching the methodologies used in cycling and running based research by
Jenkins and Quigley (1992) and Galbraith et al. (2014), respectively. One previous
investigation examining the effect of 30 min and 60 min of passive recovery between 1200,
2400 and 3600-m runs performed on the same day showed no effect of recovery time (Galbraith
et al., 2014). Therefore, participants rested for 30 min between each run, with active recovery
involving walking and slow jogging allowed.
4.3.3.3

Critical Speed Field-Test (Shuttle-Running)

Adhering to the CS shuttle running field test protocol of Clarke, Presland, Rattray and Pyne
(2014), a 100-m straight line track was marked out and participants performed three maximal
shuttle-run efforts over 100 m (1 length), 400 m (4 lengths) and 1500 m (15 lengths).
Participants performed active recovery involving walking and slow jogging for 4 min after the
100-m effort, and 12 min following the 400-m effort (Clarke et al., 2014).
4.3.4

Data Analysis

During all sessions (i.e. field test sessions and competition), GPS data were logged and later
downloaded using proprietary software (GPSports, Team AMS, release R1 2017.1). Team
AMS software manages and analyses session data collected from GPS unit, to provide
instantaneous position and velocity outputs at 0.2-s intervals after applying a smoothing
algorithm to velocity data. Data files were cropped so that data were only recorded when an
individual was active (e.g. when a participant was on-field during competition). The durations
of each active period of play and field test sessions were also recorded. Only competition data
sets in which an entire match (i.e. 90 min) was completed were included in the validation and
reliability investigations (n=7 each game). Finally, GPS data was then exported by Team AMS
software to a customised Microsoft Excel (Microsoft, Washington, United States) spreadsheet,
for the calculation of MMS, MMPmet, CS and CPmet values.
Equations outlined by di Prampero et al., (2005) were used to calculate Pmet. Symmetric
(rolling) moving averages were used to filter the running speed and Pmet data using six different
durations (1, 5, 10, 60, 300, 600 s) for each player across each competition data set with the
maximal value for each duration recorded as the maximal mean value (speed; MMS, and Pmet;
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MMPmet) for that particular duration. For example, for a 60-s rolling average the identification
of 300 data points (5 samples per second across a 60-s duration) was possible. Moving averages
were applied to all sessions (competition and field tests), which allowed MMS and MMPmet
comparisons to be made between competition and maximal running (including CS field-test)
data. Moving averages were only applied where appropiate to the field test sessions (e.g. 1, 5,
10 and 60 s were applied to Maximal Straight-Line Running Efforts analyes; 1, 5, 10, 60 and
300 s were applied to the Critical Speed Field Test – Shuttle). The rolling averages created a
hyperbolic relationship between running speed, Pmet and time which was then converted into a
regression equation using a linear model for speed:
RS = S’ · (1/t) + CS
where RS = running speed (m·s−1), S’ = speed, t = time (s) and CS = critical speed (m·s−1), and
power:
P = Pmet’ · (1/t) + CPmet
where P = power output (W), Pmet’ = metabolic power, t = time (s) and CPmet = critical
metabolic power (W·kg−1). CS and CPmet values calculated during competition were compared
to critical values derived from field test sessions using a linear distance-time model represented
by:
d = (CS · t) + D’
where d = distance run, t = running time and D’ = distance. This model was also used for the
determination of CPmet during the field tests:
d = (CPmet · t) + D’

4.3.5

Statistical Analysis

Statistical analysis was conducted using the SPSS statistical software package (IBM SPSS
Statistics, Rel. 23.0, SPSS Inc. Chicago, USA). Results are presented as mean ± standard
deviation (SD). For all maximal mean and critical values 95% confidence intervals (95% CI)
were calculated, as the limits of agreement were calculated for each participant to assess the
variability of competition and field test data sets (Hopkins, 2000). The reliabilities of
competition-derived MMS, MMPmet, CS and CPmet values were determined by calculating the
within-subject variation, expressed as coefficient of variation (CV), typical error of estimate
(TEE) and intra class correlation (ICC) using the one-way random absolute agreement model
(Hopkins, 2000). These tests assisted with understanding the degree of error and the amount of
variation between the competition data sets. Measures of CV and TEE were rated as either
good (0 to <5%), moderate (5 to 10%), or poor (≥10%) (Scott et al., 2016). The strength of
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ICCs were classified as trivial (0.0), small (0.1), moderate (0.3), large (0.5), very large (0.7),
nearly perfect (0.9), or perfect (1.0).(Hopkins et al., 2009) The validity of MMS, MMPmet, CS
and CPmet was assessed by comparing match data sets to variable outputs derived from fieldbased test sessions (control). Spearman’s rank correlation coefficients (rs) were used to
compare field and test maximal mean and critical speed and metabolic power variables, with
scores classified as little or none (≤0.3), weak (0.3 to 0.5), fair (0.5 to 0.7), good (0.7 to 0.9) or
excellent (≥0.9) (Fermanian, 1984). Differences between MMS, MMPmet, CS and CPmet values
obtained from match verses field based tests were examined using paired samples t tests.
Statistical significance was accepted at P<0.05 for all tests.
4.4

Results

The reliability of match MMS, MMPmet, CS and CPmet values are presented in Table 4.1. Intraclass correlation (ICC) scores ranged from large (0.577) to nearly perfect (0.902) for speed
values, and were consistently very large (0.701 to 0.863) for metabolic power (Pmet) values.
Coefficients of variation (CV) ranged from moderate to good for speed (4 to 6%) and Pmet (4
to 8%) values. Finally, typical errors of estimates (TEE) were consistently good (0.2 to 4.6%)
for both speed and Pmet values.
The validity of MMS and CS, and MMPmet and CPmet are presented in Table 4.2 and 4.3
respectively. Only CS (P=0.002; 0.066) and CPmet (P=0.024; 0.271) values from Critical Speed
Field Test – Shuttle were correlated (P<0.05) and did not reveal any differences (P>0.05).
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Table 4.1. Means (± SD), intraclass correlation coefficients (ICC), 95% confidence intervals,
coefficient of variation (CV%) and typical errors of estimate (TEE%) for maximal mean speed
(MMS), maximal mean metabolic power (MMPmet) using moving average windows of 1-600
s, as well as critical speed (CS) and critical metabolic power (CPmet) values derived from
competitive match play.
Match 1

Match 2

MMS1
MMS5
MMS10
MMS60
MMS300
MMS600
CS

8.0±0.4
7.3±0.3
6.1±0.4
3.4±0.3
2.4±0.2
2.3±0.2
3.9±0.2

8.0±0.4
7.5±0.5
6.3±0.4
3.4±0.3
2.4±0.3
2.3±0.2
4.0±0.2

MMPmet1
MMPmet5
MMPmet10
MMPmet60
MMPmet300
MMPmet600
CPmet

80.4±7.8
50.4±6.3
39.3±4.0
18.9±1.2
13.6±1.3
12.6±1.1
22.5±1.3

79.7±9.4
54.2±7.7
39.9±4.0
19.2±0.9
13.8±1.2
12.9±1.5
22.7±0.9

Match 3 Match 4
95% CI
-1
Speed (m.s )
8.0±0.6
7.9±0.4
7.7-8.2
7.3±0.6
7.3±0.6
7.2-7.6
6.1±0.4
6.0±0.4
5.9-6.1
3.4±0.2
3.3±0.2
3.2-3.5
2.4±0.2
2.4±0.2
2.3-2.5
2.3±0.2
2.3±0.3
2.2-2.4
3.9±0.2
3.8±0.2
3.8-4.0
Metabolic Power (W.kg-1)
78.0±8.8 83.0±10.9 75.8-84.8
52.1±9.5 52.6±8.7
48.1-56.6
38.6±2.9 38.7±3.2
37.3-40.9
19.1±1.3 18.5±1.6
18.2-19.6
13.7±1.3 13.2±1.2
12.9-14.2
12.8±1.3 12.6±1.5
12.1-13.4
22.4±1.5 22.7±1.4
21.9-23.2

ICC

CV%

TEE%

0.678
0.577
0.728
0.902
0.877
0.872
0.822

4.1
5.6
5.4
4.3
5.3
5.3
3.8

0.3
0.4
0.3
0.2
0.3
0.3
0.4

0.742
0.862
0.780
0.863
0.808
0.722
0.701

7.1
7.8
5.4
3.9
5.6
7.0
3.9

4.6
4.2
2.9
0.8
0.7
0.8
3.1
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Table 4.2. Means (± SD), 95% confidence intervals (95% CI), Spearman’s rank correlation (rs)
and P values (P) for the relationship between mean competition (across four matches) and field
tests for maximal mean speed (MMS) and critical speed (CS) values determined during field
test sessions.
(m·s-1)

MMS1

MMS5

MMS10
MMS60
Competition

MMS300

MMS600 CS

Mean±SD

8.0±0.5

7.4±0.5

6.1±0.4

2.4±0.2

2.3±0.2

3.9±0.2

-

-

4.2±0.2
4.1-4.3
-0.212
<0.001

4.0±0.2
3.8-4.1
-0.106
0.327

3.4±0.3

Maximal Straight Line Running Efforts
Mean±SD
95% CI
rs
P

8.8±0.3
8.6-9.0
0.189
0.013

8.6±0.3
8.4-8.9
0.401
0.001

8.3±0.3
8.1-8.6
0.444
<0.001

6.6±0.3
6.6-7.1
-0.305
<0.001

-

Critical Speed Field Test – Straight Line
Mean±SD
95% CI
rs
P

5.6±0.3
5.4-5.8
0.549
<0.001

5.5±0.3
5.3-5.7
0.356
<0.001

5.4±0.3
5.2-5.6
0.333
<0.001

5.0±0.2
4.8-5.2
0.404
<0.001

4.3±0.3
4.1-4.5
-0.536
<0.001

Critical Speed Field Test – Shuttle
Mean±SD
95% CI
rs
P

8.7±0.3
8.5-8.9
0.173
0.035

8.6±0.3
8.3-8.8
0.425
0.001

8.3±0.3
8.0-8.5
0.483
<0.001

6.4±0.2
6.3-6.6
-0.049
<0.001

5.3±0.3
5.0-5.5
-0.536
<0.001

-

4.0±0.2
3.8-4.1
0.842*
0.066

*Significant differences (P<0.05) between competition and field test.
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Table 4.3. Mean (± SD), 95% confidence intervals (95% CI), Spearman’s rank correlation (rs)
and P values (P) for the relationship between mean competition (across four matches) and field
tests for maximal mean metabolic power (MMPmet) and critical metabolic power (CPmet) values
determined during field test sessions.
(W·kg-1)

MMPmet1

MMPmet5

MMPmet10 MMPmet60
Competition

MMPmet300

MMPmet600

CS

Mean±SD

80.3±9.2

52.3±8.1

39.3±3.5

13.6±1.3

12.7±1.4

22.6±1.3

-

-

19.7±0.7
19.2-20.2
-0.289
<0.001

21.5±1.5
20.5-22.6
0.299
0.001

-

23.6±1.2
22.7-24.4
0.700*
0.271

18.9±1.3

Maximal Straight Line Running Efforts
Mean±SD
95% CI
rs
P

98.2±7.5
94.1103.7
0.162
0.013

71.3±4.1
69.1-74.5
-0.003
0.001

54.5±2.5
52.8-56.3
0.270
<0.001

32.8±1.4
31.8-33.8
-0.730*
<0.001

-

Critical Speed Field Test – Straight Line
Mean±SD
95% CI
rs
P

46.2±8.2
40.3-52.1
0.200
<0.001

35.6±4.4
32.5-38.7
0.444
<0.001

30.0±3.1
27.8-32.2
0.195
<0.001

24.0±1.5
22.9-22.5
0.222
<0.001

20.1±1.0
19.4-20.9
-0.419
<0.001

Critical Speed Field Test – Shuttle
Mean±SD
95% CI
rs
P

103.5±7.3
98.3108.8
0.164
0.001

76.6±4.5
73.4-79.8
0.017
<0.001

60.6±2.7
58.6-62.5
0.349
<0.001

34.5±2.2
32.9-6.1
0.674
<0.001

24.1±1.0
23.4-24.9
-0.419
<0.001

*Significant differences (P<0.05) between competition and field test.
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Figure 4.1. GPS-derived estimates of maximal mean speed (MMS; 5.1A), and maximal mean
metabolic power (MMPmet; 5.1B) of a soccer player during four competitive matches.
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4.5

Discussion

The present findings indicate that MMS, MMPmet, CS and CPmet values during soccer matches
are reproducible. In fact, the magnitude of the intra-class correlation coefficients ranged from
large to nearly perfect (0.577-0.902) for speed (i.e, MMS and CS) and very large (0.701-0.863)
for Pmet values (i.e. MMPmet and CPmet; see Table 4.1). Additionally, the coefficients of
variation also ranged from good to moderate (4-6%) in speed, and good to moderate (4-8%) in
Pmet values estimated from maximal mean and critical analyses. In Study 1, the moving average
method of analysis was applied to GPS data and compared moving average windows that are
associated with higher running speeds (e.g. 1, 5 and 10 s) used to calculate MMS and MMPmet
values, to absolute running distances associated with high-speed and sprint-speed running. The
resulting lower match-to-match variability in MMS and MMPmet values compared to absolute
high-speed and sprint-speed total distances obtained from match play suggests that the maximal
mean method of analysis is an appropriate alternative to absolute distances achieved in soccer
(Study 1).
In order to assess the validity of MMS, MMPmet, CS and CPmet estimates in soccer, values
determined in match play were compared to values derived from maximal running and CS field
test data. The present findings show that MMS (Table 4.2) and MMPmet (Table 4.3) values
were not validated according to established criterion values determined during the series of
time trials. This suggests that, due to the intermittent nature of soccer and other influencing
external factors (e.g. tactics), maximal running efforts are difficult to reproduce during match
play (especially during prolonged periods of match play) due to the associated stochastic
demands. Similarly, CS and CPmet values computed during the continuous running based CS
field test were not the same as values calculated using match data (Galbraith et al., 2014). The
continuous running demands of Critical Speed Field Test – Straight Line, compared with the
intermittent and change of direction demands within soccer match play, might be problematic
for the estimation of CS and CPmet. Therefore, a field test was used in which accelerations,
deceleration and change of direction were imposed (i.e. Critical Speed Field Test – Shuttle)
(Clarke et al., 2014). The present findings show that critical values obtained in this field-based
test were similar to match data, and were shown to provide valid estimates of CS and CPmet
analyses. The use of CS and CPmet estimates could be further investigated within soccer,
potentially used to classify match intensities and demarcate thresholds within GPS analysis.
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When using running speed data to estimate physiological cost (i.e. external work load) during
intermittent running sports (when accelerations are such a prominent feature), the metabolic
cost of acceleration, which substantially increases energy demands, is ignored (Polglaze et al.,
2018b). Pmet however, is derived from instantaneous values of speed and acceleration (di
Prampero et al., 2005) and incorporates the cost of changes in speed which relates to a range
of modes of running activity, from steady to erratically paced movement tasks which are
required during match play (Polglaze et al., 2018b). While speed-derived thresholds (such as
CS) showed a weaker and less consistent relationship with internal load (i.e. heart rate) across
various exercise modes in elite hockey players, CPmet provided a strong and consistent
relationship and, therefore, was concluded to be a suitable threshold for the classification of
intensity in team sport activity (Polglaze et al., 2018a). Therefore, incorporating an estimate of
the energy cost of changing speed (i.e. CPmet) provided a more sensitive tool for classifying the
intensity of variable-speed movement (Polglaze et al., 2018b). As movement demands in soccer
comprise continual changes in speed and direction the present findings suggest that estimates
of GPS-derived CS and CPmet during match play are both reliable and valid, are of practical use
to practitioners who are tasked with monitoring an individual’s capacity to perform runningbased tasks during match play, and are suitable for analysing competition data within a
mesocycle block (i.e. a minimum of 4 matches).
The ability to accelerate is critical to soccer performance, thus there is a need to monitor Pmet
in addition to speed (Delaney et al., 2017). Duration-specific (i.e. maximal mean) movement
indicators have been reported within Gaelic (Malone et al., 2017) and Australian Rules football
(Delaney et al., 2017), suggesting that maximal mean analysis can be used to monitor running
performance during match play and prescribe training. While previous duration-specific
analysis utilised one minute intervals during match play (e.g. 1-10 min), shorter time windows
(i.e. 1, 5 and 10 s) were also used in the current study. Analysing smaller durations allow
practitioners to assess an individual’s capacity to achieve and maintain both speed and Pmet
during high-speed and sprint running and, therefore allow training prescription based on matchplay data. For example, in the current study, the average maximal speed calculated using a 5-s
averaging window throughout the four matches in the current study was 7.4 m·s-1 (see Table
4.1). Practitioners could use this maximal mean data to prescribe training, for which speeds
derived during match play are replicated during training (see Figure 4.1).
While speed is commonly used in team sports as the principal variable for assessment of player
external load during match play, this method ignores the cost of changing speed, which
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increases energy demand. Therefore, monitoring Pmet in addition to speed would allow
practitioners to quantify the cost of acceleration in team sport (i.e. soccer) in which changes of
speed and direction are prominent. The present findings highlight the reproducibility of
maximal mean and critical speed and Pmet estimates, and demonstrate the validity of GPSderived CS and CPmet analyses, during soccer match play. It would be useful in future research
to investigate the difference between playing positions of maximal mean and critical speed and
Pmet analysis, as the present findings were limited to a smaller cohort and selection of
competitive fixtures. Additionally, investigation throughout a full league season so in-season
differences, and training-to-competition differences can be determined will provide further
insight into the utilisation and accuracy of maximal mean and critical speed and Pmet analyses
in soccer.
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CHAPTER FIVE
THE QUANTIFICATION OF GPS-DERIVED ESTIMATES OF MAXIMAL MEAN
AND CRITICAL SPEED AND METABOLIC POWERS IN ELITE AND SUB-ELITE
SOCCER
5.1

Abstract

The quantification of maximal mean speed (MMS), maximal mean metabolic power (MMPmet),
critical speed (CS) and critical metabolic power (CPmet) was performed over full A-League
(elite) and National Premier League (NPL; sub-elite) seasons. Comparisons were made
between levels of soccer competition and playing positions (i.e. centre backs, full backs, central
midfielders, wide midfielders and strikers). A symmetric moving average algorithm was
applied to the GPS raw data using specific time windows (i.e. 1, 5, 10, 60, 300 and 600 s) and
maximal values were obtained. Additionally, these maximal values were used to derive
estimates of CS and CPmet. Maximal mean values, particularly during smaller time windows
(i.e. 1 and 5 s), were greater in A-League match play. Only MMPmet1 was identified as being
consistently different between competitions (P=<0.001-0.049) in all playing positions.
Significance was only observed in CS (P=0.005) and CPmet (P=0.005) of centre backs between
competitions. Centre backs were identified as the least energy demanding playing position. The
present findings highlight the benefit of utilising maximal mean and critical analyses to
individualise match intensities and work capacities of speed and metabolic power.
Additionally, this suggests that both maximal mean and critical analyses are suitable
alternatives to common absolute distance and speed assessments of match running performance
during competitive matches.
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5.2

Introduction

Study 2 investigated the validity and reliability of MMS, MMPmet, CS and CPmet measures. It
was evident from these results that GPS-derived estimates of CS and CPmet were, first of all, a
valid measure of a shuttle-running CS field test but not of a continuous-running CS field test.
Secondly, the coefficients of variation ranged from good to moderate for speed (MMS and CS;
4-6%) and metabolic power (MMPmet and CPmet; 4-8%), indicating that these measures are
reliable. In addition, these findings highlight the importance of understanding the movement
demands associated with match play. Only a shuttle running-based field test requiring changes
of speed and direction validated match play measurements. These results suggest that MMS
and MMPmet measures and estimates of CS and CPmet could be useful alternatives to common
absolute displacement measures. Furthermore, as Pmet analyses take into consideration the cost
of acceleration, the ability to analyse Pmet during match play (in which changes in speed and
direction are prominent) provides a more comprehensive assessment of movement demands
than displacement variables alone.
Given the results of Study 2, Study 3 aimed to quantify GPS-derived measures of MMS and
MMPmet and estimates of CS and CPmet in elite versus sub-elite players during match play, and
identify potential differences between playing positions. This allowed further exploration of
whether the use of these measures is a useful method to appropriately determine individual
match intensities. In order to assess positional differences in these measures for the first time,
a single session (i.e. season average) of each cohort was analysed and compared.
Advances in technology have led to an increase in the utilisation of global positioning system
(GPS) technology to monitor the match play running demands in Association football (i.e.
soccer) (Martin-Garcia et al., 2018). Providing practitioners with an estimate of physiological
cost enables an understanding of distinct match play requirements of running activities and
energetics for team and individual performances to be made (Martin-Garcia et al., 2018). Not
only is this information essential in understanding distinct match requirements of various
playing positions (Martin-Garcia et al., 2018), but also to recognise conditioning needs for the
prescription of training (Ade et al., 2016).
The classification of intensity in team sport activity is most commonly made by categorising
all movements into speed thresholds (Polglaze et al., 2018a). The total amount (absolute) of
accumulated distance achieved and the frequency, distance and time spent within each speed
threshold is then determined (Bradley & Noakes, 2013). Generic speed thresholds are typically
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used to demarcate various levels of intensity, using standardised arbitrary values that are
determined using statistical evaluation rather than physiological criteria (Abt & Lovell, 2009,
Dwyer & Gabbett, 2012). If the purpose of player monitoring, however, is to monitor each
athlete’s work capacity, detect the onset of fatigue and assess the dose-response relationship to
training stimuli, then the use of individualised thresholds from physiological criteria would
seem more appropriate (Polglaze et al., 2018a). This approach has previously shown to detect
differences between athletes (Lovell & Abt, 2013) and is more sensitive to changes in fitness
levels across a season (Hunter et al., 2015).
Absolute player displacement measures (i.e. distance and speed) and generic speed bands are
used in soccer as the principal variables for assessment of external work load during match
play (Bowen et al., 2017, Carling et al., 2016). Utilising such absolute and generic measures,
however, ignores the cost of changing speed, which is a prominent action in soccer and can be
the most physiologically demanding locomotor activity (di Prampero et al., 2005). Therefore,
true estimations of physiological cost require the sum of all displacements relating to
acceleration to be made (di Prampero et al., 2005, Polglaze et al., 2018a, Polglaze et al., 2016).
As a result, integrating metabolic power (Pmet) data, which accounts for acceleration (and
deceleration) and instantaneous speed, may provide a more appropriate and comprehensive
assessment of variable-speed and non-linear intermittent sport demands for each athlete
(Polglaze et al., 2018a). The frequency of changes in speed during soccer suggests that Pmet
may provide a more appropriate basis of quantifying intensity (Polglaze et al., 2018a).
The critical power concept, which has been previously applied to speed and Pmet (Polglaze et
al., 2018a), is defined as the boundary between exercise intensities that result in a steady-state
(or non-steady state) response (Jones & Vanhatalo, 2017). This mode of analysis has been
proposed as a suitable tool for the classification of intensities in team sports (Polglaze et al.,
2018a). While this analysis was originally a determination of power output (i.e. critical power),
the application of critical power to team sports was not considered sport-specific, and therefore
estimations of CS and (more recently) CPmet have since been explored (Polglaze et al., 2018a).
Typically, laboratory- and field-based tests have been used to determine critical values,
however GPS-derived estimates of CS and CPmet during match play have recently been
validated. The ability to estimate match CS and CPmet may classify match intensities, and at
what speed or Pmet the steady or non-steady state responses are achieved, would be of value to
the practitioner.
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Previous research in a number of football codes (e.g. Association, Gaelic and Australian
football) have demonstrated that maximal mean analyses (i.e. rolling averages) during match
play can be used to monitor performance and assist in training prescription (Delaney et al.,
2017, Malone et al., 2017, Roecker et al., 2017). More recently, analyses using shorter time
windows through maximal mean analyses (i.e. 1, 5 and 10 s) has been shown to determine an
individual’s capacity to achieve and maintain both speed and Pmet at higher running speeds
(Study 2). It was suggested that such information would allow practitioners to replicate speeds
and intensities derived from match play during training (Study 2). Furthermore, maximal mean
analyses have previously been used to estimate CS and CPmet values to further explore
intensities during match-play (Study 2). Potential positional-differences in running speed
capacities during match play using maximal mean analyses, however, have yet to be
investigated.
As individual work capacity and match intensity is of great importance when monitoring
athletes, further investigation into the individualisation of this process is integral to further
improving how practitioners monitor athletes. Currently, maximal mean and critical analyses
and their application to soccer have been rarely performed. Therefore, the main purpose of this
study was to quantify maximal mean and GPS-derived critical (for the first time) during match
play. This would allow comparisons of match running performance between (i) elite (ALeague) and sub-elite (NPL) soccer players, and (ii) playing positions (centre backs, full backs,
central midfielders, wider midfielders and strikers) to be made.
5.3
5.3.1

Methods

Experimental Approach to the Problem

Two cohorts of participants were analysed and compared over respective full seasons in the
National Premier League Western Australia (February 2017 – September 2017) and A-League
(October 2016 – April 2017) competitions. This resulted in a combined total of 848 individual
GPS samples collected through both competitions. From these data, maximal mean speed
(MMS), maximal mean metabolic power (MMPmet), critical speed (CS) and critical power
(CPmet) calculations were assessed and compared between competitions.
5.3.2

Participants

Twenty (n=20) sub-elite male outfield soccer players (age, 19.1 ± 1.2 y; body mass, 72.4 ± 2.7
kg) from one National Premier League Western Australia soccer team (NPL; representing the
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highest level of youth soccer participation in Western Australia), and 24 elite male soccer
players (age, 26.2 ± 5.3 y; body mass, 76.2 ± 4.8 kg) from one A-League soccer team
(representing elite Australian soccer) volunteered to participate during their respective 2017
and 2016-2017 competitive seasons, respectively. All participants had a minimum of 5 years
of playing experience. Goalkeepers were not included in the study. Before data collection, the
participants provided written informed consent and medical declarations were obtained.
Between matches, players typically completed three on-field training sessions and one gymbased session. All players were advised to maintain normal diet, with a special reference to an
increased carbohydrate and fluid intake 24 h prior to match day. Ethical approval for the study
was granted by the University’s Human Research Ethics Committee (ID14821).
5.3.3

Procedures

Displacement and velocity data during NPL and A-League matches were captured using 15 Hz
GPS devices (SPI HPU GPSports Systems, Canberra, Australia), which record positional data
at 5 Hz. These data is then supplemented by accelerometer data to record interpolated position
at 15 Hz. GPS technology has previously been shown to be effective at providing acceptably
valid and reliable information to describe locomotor activity (Barr et al., 2019). To minimise
the effect of inter-unit error, each player wore the same device throughout the respective
season. The devices were turned on and placed in customised vests before being fitted to each
player with the unit positioned in the centre of the upper back area slightly superior to the
scapulae apexes prior to the warm up. This allowed data collection to begin at least 15 min
before the commencement of each match (Kempton et al., 2013). All participants had
previously been familiarised with GPS units during training and matches. During games
analysed through the NPL Western Australia season, the team won 5, drew 4 and lost 17 games,
while through the A-League season the team won 10, drew 9 and lost 8 games. All National
Premier League Western Australia matches kicked-off at 1500 hours local time, while ALeague matches took place between 1400 and 2020 hours local time.
5.3.4

Data Analysis

At the end of each match, GPS data were downloaded to Team AMS proprietary software (R1
2017.1, GPSports Systems, Canberra, Australia). Team AMS software manages and analyses
session data collected from GPS unit to provide instantaneous position and velocity outputs at
0.2-s intervals after applying a smoothing algorithm to velocity data. Each match data file was
then split into first and second half periods of play, with stoppages during each half included,
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and exported to Microsoft Excel (2013, Microsoft, USA), where first and second half data files
were combined. This created individual performance profiles for each competitive game,
providing classification of distance covered through total distance (m), metres per minute
(m·min-1), distance covered at >5.5 m·s-1 (i.e. high-speed running distance; HSR) and distance
covered at >7 m·s-1 (i.e. sprint-speed running distance; SSR). Additionally, rolling averages
were analysed across 6 specific durations (1, 5, 10, 60, 300, 600 s) for each player, with a
maximum value for each specific duration recorded in speed (maximal mean speed; MMS;
m·s-1) and metabolic power (maximal mean metabolic power; MMPmet; W·kg-1). Metabolic
power was calculated using equations previously outlined (di Prampero et al., 2005).
The rolling averages created a hyperbolic relationship between running speed, Pmet and time
which was then converted into a regression equation using a linear model for speed:
RS = S’ · (1/t) + CS
where RS = running speed (m·s−1), S’ = speed, t = time (s) and CS = critical speed (m·s−1), and
power:
P = Pmet’ · (1/t) + CPmet
where P = power output (W), Pmet’ = metabolic power, t = time (s) and CPmet = critical
metabolic power (W·kg−1). CS and CPmet values calculated during competition were compared
to critical values derived from field test sessions using a linear distance-time model represented
by:
d = (CS · t) + D’
where d = distance run, t = running time and D’ = distance. This model was also used for the
determination of CPmet during the field tests:
d = (CPmet · t) + D’

5.3.5

Statistical Analysis

Statistical analysis was conducted using the SPSS statistical software package (IBM SPSS
Statistics, Rel. 23.0, SPSS Inc. Chicago, USA). Results are presented as mean ± standard
deviation (SD). A one-way analysis of variance (ANOVA) was used to compare absolute
displacement measures, maximal mean and critical values according to two factors: the level
of soccer (i.e. elite vs sub-elite) and playing positions (i.e. centre backs, full backs, central
midfielders, wide midfielders and strikers). Independent sample t-tests were used to explore
differences between elite (A-League) and sub-elite (NPL) soccer players. Statistical
significance was set at P<0.05. Cohen’s effect size (d) were calculated for differences in elite
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and sub-elite soccer players. Effect sizes (d) were classified as trivial (<0.2), small (0.2 to 0.6),
moderate (0.6 to 1.2), large (1.2 to 2.0) or very large (>2.0) (Batterham & Hopkins, 2006).
5.4

Results

Differences between A-League and NPL absolute player displacements for each playing
position are presented in Table 5.1. Distance covered at sprinting speed was consistently greater
in A-League, compared with NPL competition for all playing positions (Centre backs, ES:
1.19, P=<0.001; fullbacks, ES: 1.40, r=0.35, P=0.001; central midfielders, ES: 0.55, r=-0.302,
P=<0.001; wide midfielders, ES: 0.86, r=-0.193, P=0.020; strikers, ES: 0.88 P=0.007).
Central midfielders achieved the greatest total distance and mean speeds in comparison to other
playing positions, and was significantly different (all P<0.05) to all other playing positions in
NPL soccer and to centre backs, fullbacks and strikers in A-League soccer. The greatest highspeed distance was achieved by strikers in A-League and wide midfielders in NPL soccer, with
both being significantly different (both P<0.05) to centre backs and central midfielders. Sprintspeed distances were greatest in fullbacks in A-League and strikers in NPL, with both being
significantly different (both P<0.05) to centre backs and central midfielders. Centre backs
achieved the least total distance and mean speed, being significantly different (P<0.05) to all
other playing positions in both competitions. High speed distance was lower in centre backs
compared for all playing positions (P<0.05) except central midfielders in the A-League.
Central midfielders completed the least amount of sprint-speed distance in both competitions,
and were identified as significantly different from fullbacks, wide midfielders and strikers in
both competitions.
When comparing playing level, speed-derived MMS and CS effect sizes ranged from trivial to
small (-0.50 to 0.40) (see Table 5.2). MMS1, MMS5 and MMS10 values were equal to or greater
in A-League, compared with NPL across all playing positions. Centre backs speed-derived
values MMS60 (P=0.016), MMS300 (P=0.002), MMS600 (P=0.001), and CS (P=0.005) were all
different between competitions, and also different (P<0.05) between all playing positions (see
Table 5.2). Pmet-derived MMPmet and CPmet effect sizes ranged from trivial to large (-1.00 to
1.91) (see Table 5.3). MMPmet1 was consistently different between competitions in all playing
positions (P<0.05, with the effect size ranging from small to large (0.48 to 1.91).
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Table 5.1. Mean (±SD), effect sizes (ES) and P values comparing playing level for total
distance, mean speed, high-speed running (>5.5 m·s-1) distance, sprint-speed running (>7 m·s1

) in playing positions over a single A-League and National Premier League (NPL) season.
A-League

NPL

ES

P

Centre Back
Total distance (m)
Mean speed (m·min-1)
High-speed distance (m)
Sprint-speed distance (m)

10355.9±408.4bcde
106.2±9.4bcde
519.6±101.7bde
103.4±37.6bde

10112.7±342.6bcde
106.2±8.4bcde
432.1±88.0bcde
63.8±28.8bde

0.65
0.00
0.92
1.19

0.016*
0.773
0.010*
<0.001*

Full Back
Total distance (m)
Mean speed (m·min-1)
High-speed distance (m)
Sprint-speed distance (m)

10814.1±411.6acd
110.9±9.6acd
762.6±114.2ac
180.9±46.0ac

11307.1±348.5ac
118.9±8.4ac
705.7±113.6ace
121.9±38.3ac

-1.30
-0.89
0.50
1.40

0.002*
<0.001*
0.090
0.001*

Central Midfielder
Total distance (m)
Mean speed (m·min-1)
High-speed distance (m)
Sprint-speed distance (m)

11838.4±704.2abe
122.4±15.9abe
535.4±119.3bde
71.1±35.5bde

12105.3±694.5abde
127.9±15.5abde
523.9±98.2abde
54.6±24.6bde

-0.37
-0.35
0.11
0.55

0.001*
<0.001*
0.653
0.040*

Wide Midfielder
Total distance (m)
Mean speed (m·min-1)
High-speed distance (m)
Sprint-speed distance (m)

11242.1±779.1abe
116.2±17.3abe
788.2±136.5ac
151.8±50.4ac

11475.6±297.5ace
121.5±7.0ace
746.9±110.7ac
111.8±42.7ac

-0.43
-0.44
0.33
0.86

0.502
0.029*
0.384
0.020*

Striker
Total distance (m)
Mean speed (m·min-1)
High-speed distance (m)
Sprint-speed distance (m)

10952.1±308.0acd
112.7±8.3acd
797.9±108.6ac
175.2±44.2ac

10880.8±856.1acd
114.9±18.5acd
742.7±104.5abc
136.2±44.0ac

0.12
-0.16
0.52
0.88

0.504
0.072
0.531
0.007*

*.significantly different between competitions; a significantly different between centre backs;
b
significantly different between full backs; c significantly different between central midfielders;
d
significantly different between wide midfielders; e significantly different between strikers.
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Table 5.2. Mean (±SD), effect sizes (ES) and P values comparing playing level for maximal
mean speed (MMS) and critical speed (CS) values in playing positions over a single A-League
and National Premier League (NPL) season.
(m·s-1)
Centre Back
MMS1
MMS5
MMS10
MMS60
MMS300
MMS600
CS
Full Back
MMS1
MMS5
MMS10
MMS60
MMS300
MMS600
CS
Central Midfielder
MMS1
MMS5
MMS10
MMS60
MMS300
MMS600
CS
Wide Midfielder
MMS1
MMS5
MMS10
MMS60
MMS300
MMS600
CS
Striker
MMS1
MMS5
MMS10
MMS60
MMS300
MMS600
CS

A-League

NPL

ES

P

8.1±1.4bc
7.0±2.0bde
5.8±2.4bde
3.0±0.9bcde
2.3±0.6bcde
2.1±0.6bcde
3.6±0.3bcde

7.9±2.0
7.0±1.9bd
5.8±1.7bde
3.2±0.8bcde
2.4±0.9bcd
2.3±1.1c
3.7±0.2bcde

0.12
0.00
0.00
-0.24
-0.13
-0.24
-0.40

0.178
0.910
0.576
0.016*
0.002*
0.001*
0.005*

8.3±1.6ac
7.5±2.0ac
6.3±2.4ac
3.3±0.8ad
2.3±0.6acd
2.2±0.6acd
3.9±0.2a

8.0±2.1c
7.2±2.3ac
6.1±1.7ac
3.4±0.8a
2.6±1.1ac
2.5±1.3c
3.9±0.2a

0.16
0.14
0.10
-0.13
-0.35
-0.32
0.00

0.109
0.294
0.553
0.089
<0.001*
<0.001*
0.168

7.8±2.5abde
6.9±2.6bde
5.8±2.0bde
3.4±0.8a
2.6±0.5abe
2.4±0.6abe
3.8±0.2ad

7.7±2.3bde
6.9±2.3bde
5.9±2.2bd
3.5±0.8a
2.7±0.6abde
2.5±0.7abde
3.9±0.2a

0.04
0.00
-0.05
-0.13
-0.18
-0.15
-0.50

0.253
0.460
0.917
0.465
0.091
0.036*
0.736

8.2±1.9c
7.4±1.6ac
6.3±1.8ac
3.5±0.9abe
2.5±1.1abe
2.4±1.2ab
4.0±0.3ac

8.0±1.5c
7.3±1.6ac
6.2±1.9ac
3.4±0.6a
2.5±0.4ac
2.4±0.5c
3.9±0.2a

0.12
0.06
0.05
0.13
0.00
0.00
0.40

0.211
0.165
0.183
0.183
0.607
0.900
0.307

8.3±1.1c
7.5±1.6ac
6.2±1.7ac
3.3±0.9ae
2.4±0.9acd
2.3±1.0ac
3.9±0.2a

8.0±1.9c
7.3±1.7c
6.1±1.8a
3.4±0.8a
2.5±0.7c
2.3±0.6c
3.9±0.2a

0.20
0.12
0.06
-0.12
-0.13
0.00
0.00

0.052
0.024*
0.247
0.523
0.181
0.749
0.635

*.significantly different between competitions; a significantly different between centre backs;
b
significantly different between full backs; c significantly different between central midfielders;
d
significantly different between wide midfielders; e significantly different between strikers.
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Table 5.3. Mean (±SD), effect sizes (ES) and P values comparing playing level for maximal
mean speed (MMS) and critical speed (CS) values) in playing positions over a single A-League
and National Premier League (NPL) season.
(W·kg-1)
Centre Back
MMPmet1
MMPmet5
MMPmet10
MMPmet60
MMPmet300
MMPmet600
CPmet
Full Back
MMPmet1
MMPmet5
MMPmet10
MMPmet60
MMPmet300
MMPmet600
CPmet
Central Midfielder
MMPmet1
MMPmet5
MMPmet10
MMPmet60
MMPmet300
MMPmet600
CPmet
Wide Midfielder
MMPmet1
MMPmet5
MMPmet10
MMPmet60
MMPmet300
MMPmet600
CPmet
Striker
MMPmet1
MMPmet5
MMPmet10
MMPmet60
MMPmet300
MMPmet600
CPmet

A-League

NPL

ES

P

102.5±11.8c
54.8±4.7c
37.8±3.2bd
17.7±1.3bcde
12.6±0.8cde
11.6±0.9bcde
20.5±1.7bde

95.4±8.8ce
53.3±6.2c
38.5±3.8
18.3±1.4bcd
13.6±1.6bcd
12.9±1.9bc
21.5±1.8bd

0.69
0.28
-0.20
-0.44
-0.83
-0.93
-0.57

0.003*
0.286
0.238
0.065
0.002*
0.001*
0.005*

103.7±13.6c
56.1±5.0c
40.3±4.1ac
19.1±1.5ad
13.2±1.0cde
12.3±1.0acde
21.8±1.9a

95.0±14.0ce
54.1±5.8c
39.1±3.6c
19.5±1.5ae
14.8±2.4ae
14.0±2.8ae
22.6±1.8a

0.63
0.37
0.31
-0.27
-0.94
-0.89
-0.43

0.009*
0.084
0.209
0.385
0.001*
0.003*
0.135

91.1±11.9abde
50.6±7.1abde
36.2±3.6bde
18.8±1.3ac
14.0±0.8ab
13.0±0.8ab
21.1±1.8de

85.3±12.4abd
49.9±6.5abd
36.9±3.7bd
19.5±0.9ae
14.9±1.2ae
14.1±1.4ae
21.9±1.5

0.48
0.10
-0.19
-0.64
-0.90
-1.00
-0.55

0.049*
0.408
0.669
0.074
0.005*
0.002*
0.067

103.2±14.7c
55.3±4.8c
40.8±4.1ac
20.0±2.0abce
14.2±1.6ab
13.2±1.7ab
22.4±2.0ac

93.7±9.2ce
55.2±4.4c
39.7±3.5c
19.5±1.0ae
14.4±1.6ae
13.6±1.8
22.4±1.4a

0.79
0.02
0.29
0.33
-0.13
-0.23
0.00

0.013*
0.842
0.272
0.205
0.769
0.935
0.887

104.0±10.0c
56.4±3.8c
39.4±2.8c
19.2±1.2ad
13.8±1.8ab
12.9±1.9ab
21.9±1.6ac

85.6±9.3abd
52.7±4.9
38.0±3.5
18.7±1.0bcd
13.4±0.8bcd
12.6±0.7bc
21.9±1.3

1.91
0.85
0.44
0.45
0.31
0.23
0.00

<0.001*
0.008*
0.102
0.368
0.291
0.687
0.612

* significantly different between competitions; a significantly different between centre backs;
b
significantly different between full backs; c significantly different between central midfielders; d
significantly different between wide midfielders; e significantly different between strikers.
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5.5

Discussion

The purpose of this study was to distinguish differences in maximal mean speed (MMS),
maximal mean metabolic power (MMPmet), critical speed (CS) and critical metabolic power
(CPmet) between playing positions (centre backs, full backs, central midfielders, wider
midfielders and strikers) and competition levels (i.e. elite vs sub-elite). The major findings from
the analyses were: i) elite (A-League) players performed longer duration efforts at greater
running intensities, compared with sub-elite (NPL) players, and ii) centre backs and central
midfielders were frequently different to fullbacks, wide midfielders and strikers during running
performance at greater intensities (including HSR, SSR, MMS1, MMS5, MMS10, MMPmet1,
MMPmet5, MMPmet10, CS and CPmet). This information firstly provides insight into the
differences between playing levels, and secondly, could help the practitioner prescribe training
programs that specifically replicate the variable match demands between playing positions.
A major finding of the current investigation was that variables related to high-speed running is
greater in the A-League, compared to NPL. For instance, the average high-speed running
distances (680.7 vs 630.3 m), sprint-speed running distances (136.5 vs 97.7 m), maximal mean
speed at 1 s (MMS1; (8.1 vs 7.9 m·s-1), MMS5 (7.3 vs 7.1 m·s-1), maximal mean metabolic
power at 1 s (MMPmet1: (100.9 vs 91 W·kg-1) and MMPmet5 (54.6 vs 53 W·kg-1) recorded were
all greater in the A-League (i.e. elite) than NPL (sub-elite) competition. Sprint-speed running
distances in particular were significantly different (P<0.05) between competitions for all
playing positions, with effect sizes ranging from small to large (0.55 to 1.40; see Table 5.1).
Interestingly, despite these comparisons, NPL players achieved greater total distances on
average compared to A-League players (11176.3 vs 11040.5 m) with centre backs (P=0.016;
ES: 0.65), fullbacks (P=0.002, ES: -1.30) and central midfielders (P=0.001; ES: -0.37) being
significantly different between competitions. This suggests that there is a greater energy
demand within A-League soccer despite lower on average total distances when compared to
NPL soccer, as players in the A-League are required to perform longer-duration efforts at
greater running intensities during match play.
The analysis of MMS emphasises differences in high-speed running demands between playing
positions. In both competitions, fullbacks, wide midfielders and strikers were all significantly
different (P>0.05) to centre backs and central midfielders during MMS1, MMS5 and MMS10
(see Table 5.2). This suggests that fullbacks, wide midfielders and strikers are, firstly, exposed
to faster speeds and, secondly, are required to maintain these speeds for longer. This is
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exemplified by the finding that A-League players covered a greater percentage of total distance
at higher speeds (i.e. >5.5 m·s-1) than NPL players for the positions fullbacks (9 vs 7%), wide
midfielders (8 vs 7%), strikers (9 vs 8%), centre backs (6 vs 5%) and central midfielders (5.3
vs 4.8%). Previously, researchers studying elite Spanish soccer match play reported that
fullbacks, wide midfielders and strikers covered 9% of total distance at high speeds (Mallo et
al., 2015). Despite the similarities reported in elite Australian soccer, greater sprint-speed
running distances (i.e. ≥7.0 m·s-1) were reported in elite Spanish soccer. For instance, Mallo et
al., (2015) reported that the average sprint-speed running distances for all playing positions
was 385 m, while only 136.5 m was found in the present study. This suggests that overall match
running intensities are greater in elite Spanish soccer. Whether or not peak running intensities
(i.e. MMS) are greater in elite Spanish soccer is not known, however, because the maintainable
peak running intensities (e.g. MMS1 and MMS5) are unknown despite the reportedly greater
distances achieved at sprint speeds. As MMS analyses provide estimates of the duration spent
at various speeds during match play, prescription of training programs that specifically
replicate the variable match demands between playing positions is possible.
The results show that central midfielders generally produced the lowest Pmet intensities
throughout MMPmet time windows in both competitions, and was the only position to be
significantly different (P>0.05) to all other playing positions during MMPmet1 in A-League
competition (see Table 5.3). This contradicts the assessment of match running demands based
on the traditional approach of speed and distances, which may suggest that CM have the
greatest running demands due to total distances achieved (see Table 5.1). In fact, previous
research has reported significant differences between distances covered at high intensity
running and estimated equivalent metabolic power during elite soccer training activities
(Gaudino et al., 2013). As Pmet is sensitive to locomotor movement comprising frequent
accelerations from low starting speed (Osgnach et al., 2010) it provides a more comprehensive
assessment of match running performance than that of a purely speed-based approach (Polglaze
et al., 2018a). Reporting speed and distance data alone would therefore ignore the increased
energy demands associated with acceleration and deceleration (Gaudino et al., 2013). This
further emphasises the potential importance of utilising MMPmet as a monitoring tool, since
practitioners could prescribe training stimulus to expose soccer players to competition load if
the energy cost during peak running intensities are understood.
While MMS and MMPmet analyses classify an individual’s capacity to perform peak runningbased tasks during specific time windows during match play, the previous study (Study 2)
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validated GPS-derived CS and CPmet suggesting that the practitioner can classify individual
whole-match intensities, and determine the speed and Pmet that distinguish between sustainable
(steady-state) and non-sustainable (non-steady state, highly-fatiguing) match play intensities.
This therefore appears to be an appropriate method of monitoring match intensity for each
player (Polglaze et al., 2018a). Significant differences were identified between A-League and
NPL competitions for both CS and CPmet only in centre backs (see Table 5.2 and Table 5.3
respectively). While GPS-derived centre back CS was significantly different to all other
playing positions in both competitions, GPS-derived CPmet was significantly different to full
backs, wide midfielders and strikers in A-League and full backs and wide midfielders in NPL
competition. These differences further illustrate the importance of position-specific training
prescription, and additionally, provide a platform to further describe individual work intensities
during match play. Future research may investigate in-season variations of GPS-derived CS
and CPmet metrics, which would allow practitioners to assess potential variations of sustainable
intensities, and thus possible decrements in physical performance.
The traditional approach for assessing player external load during match play (i.e. speed and
distances achieved) not only ignores the energy cost required to change speed (e.g. acceleration
and deceleration), but also an individual’s capacity to perform running-based tasks for certain
durations of match play. Analysis of an individual’s MMS and MMPmet enhances player
monitoring as a tool to monitor the individual and provides practitioners with information
regarding the capacity to work at speed and Pmet intensities for specific durations, which could
be used for training prescription purposes. Additionally, quantification of CS and CPmet
indicates the intensity at which steady (i.e. sustainable) or non-steady (i.e. fatigable) state
responses are achieved. Furthermore, the quantification of these GPS-derived divisions of
match intensities allows the practitioner to prescribe training stimulus that reflects match
intensity.
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CHAPTER SIX
IN-SEASON VARIATIONS IN GPS-DERIVED ESTIMATES OF MAXIMAL MEAN
AND CRITICAL SPEED AND METABOLIC POWERS USING A MESOCYCLE
STRUCTURE IN ELITE AUSTRALIAN SOCCER
6.1

Abstract

The quantification of maximal mean speed (MMS), maximal mean metabolic power (MMPmet),
critical speed (CS) and critical metabolic power (CPmet), and associated in-season variations,
were analysed over a full A-League season. Four matches were used within each of the seven
mesocycle blocks (i.e. M1 – M7), with the average value of GPS measures over four matches
used. A symmetric moving average algorithm was applied to the GPS raw data using specific
time windows (i.e. 1, 5, 10, 60, 300 and 600 s) and maximal values were obtained. Additionally,
these maximal values were used to derive estimates of CS and CPmet. Absolute total distance
values during M4 were the lowest reported in all playing positions, with statistical significance
achieved with at least one other mesocycle. The magnitude of differences reported when
comparing M4 to other mesocycles ranged from small to very large (ES: -1.50 to 2.20). CS
recorded in M2 and M3 of wide midfielders (13.98 to 13.07 m·s-1) was the only critical value
(i.e. CS or CPmet) that was significantly different (P=0.032; ES: -0.19) between consecutive
mesocycles. The present findings suggest that monitoring in-season variations of GPS-derived
estimates in maximal mean and critical speed and metabolic power is a practical tool to
determine whole-match intensity. Additionally, estimation of CS and CPmet allows the
practitioner to determine the intensity at which steady and non-steady state responses occur.
Consequently, these intensities can be determined during match play instead of requiring
external testing in an already demanding phase of competition.
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6.2

Introduction

Study 3 explored differences in external load between playing levels and playing positions. It
was evident from the results that a greater energy cost was demanded in elite (A-League) than
sub-elite (National Premier League Western Australia) soccer. Furthermore, elite players
performed longer duration efforts at greater running intensities than sub-elite players.
Interestingly, while traditional approaches to measuring external loads during match play
suggest that central midfielders may be exposed to greater match running intensities due to
greater total distances being covered, these players were generally reported to have the lowest
MMPmet intensities. The assessment of Pmet and its associated sensitivity of change in
locomotor activity highlights the importance of incorporating such measures into player
monitoring systems. Finally, estimates of CS and CPmet further suggested that these wholematch intensity variables might provide an appropriate assessment of individual responses to
match demands.
If these GPS-derived estimates of speed and Pmet intensities at which steady and non-steady
responses occur are valid and reliable (Study 2) and quantifiable through competition (Study
3), then it may be possible to use these measures to monitor in-season variations during the
competitive season. Given this, Study 4 aimed to assess in-season variations of GPS-derived
estimates of MMS, MMPmet, CS and CPmet using a mesocycle structure (i.e. four match data
sets) that is commonly used by the practitioner. If in-season variations are identifiable, then an
individual’s activity profile during match play could be alternatively used to classify steady
and non-steady state intensities. Therefore, match play data could be used as an alternative (or
addition) to external maximal (or sub-maximal) testing, which would take time from the
already-limited available training time during the competitive phase of the season.
The use of GPS to monitor displacement variables such as total distance, the amount of time
or distance covered in different speed zones, and instantaneous speed and acceleration
(including metabolic power) can assist coaches and practitioners to plan, structure and evaluate
individual and group periodisation structures in elite team sport (Borresen & Lambert, 2009,
Coutts & Duffield, 2010, Impellizzeri et al., 2019, Malone et al., 2015). Accumulated external
load has previously shown to relate to both positive and negative changes in physical
performance relevant to match play (Akubat et al., 2012, Borresen & Lambert, 2009) and injury
occurrence (Ehrmann et al., 2016). Understanding in-season variations, therefore, may help the
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practitioner decrease injury risk and optimise performance in team sport athletes (Cummins,
Orr, O'Connor, & West, 2013).
While comprehensive details of match play running demands in elite soccer are available
(Delaney et al., 2018, Impellizzeri et al., 2019, Ingebrigtsen, Dalen, Hjelde, Drust, & Wisloff,
2015, Osgnach et al., 2010, Wehbe, Hartwig, & Duncan, 2014), limited information exists
relating to in-season variations during match play over a full competitive season. Several
studies have described the in-season periodisation practises of elite soccer teams, however
these studies have tended to compare the external training loads of various training days within
microcycles (i.e. blocks of data over 1 week) (Akenhead, Harley, & Tweddle, 2016, Anderson
et al., 2016b, Malone et al., 2015, Oliveira et al., 2018) and mesocycles (i.e. blocks of data over
4 to 6 weeks) (Malone et al., 2015). When comparing micro and mesocycles, limited variation
through in-season training loads were found, thus suggesting that training in elite soccer has a
regular external training load pattern (Malone et al., 2015). Significantly, as these studies
emphasised the periodisation of training load, the most intense period within such periodised
cycles (i.e. match play) was not analysed. Therefore, it would be prudent to analyse in-season
variations of match play running demands.
As practitioners commonly compare match data sets, quantification of the variability in a
number of data sets allows well-founded comparisons of physical performance to be made
(Carling et al., 2016, Trewin et al., 2018). It was reported in Study 1 that little variation exists
between 2 and 10 match data sets. However, a greater consistency (indicated by good to
moderate variability) was found with a minimum of 4 matches. Additionally, it was suggested
that the greater variability of absolute distance covered at high-speed (and sprint-speed)
achieved during match play reduces its use as an indicator of high-speed running performance.
Therefore, the reduction in reported variability of maximal mean speed (MMS) and maximal
mean metabolic power (MMPmet), as demonstrated in Studies 1 and 2, suggests that the moving
average methodology of analyses could provide a reliable alternative to reporting high-speed
running distances or times. As maximal mean analyses assess an individual’s capacity to
maintain maximal running intensities, quantifying in-season variations could assist the
practitioner to identify any decrements (or increments) in physical performance throughout the
course of competition competitive season.
The critical power concept demarcates exercise intensities between steady-state and non-steady
state (Jones & Vanhatalo, 2017). Results from Study 2 validated GPS-derived estimates of this
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division of intensity during soccer match play in both speed (i.e. critical speed; CS) and
metabolic power (Pmet) (i.e. critical metabolic power; CPmet), and showed these calculations to
be reliable. With these measures demonstrating validity and reliability, Study 3 quantified these
over a full competitive season in elite soccer and suggested that CS and CPmet provide a suitable
method of monitoring individual work capacity and match intensities. Understanding whether
in-season variations in CS and CPmet exist within a periodised cycle would be of interest to
practitioners, as reductions in a variable that indicates the boundary of physiological responses
would suggest potential reductions in physical performance.
Evaluating individual capacities of maximal intensity during match play assists the practitioner
to balance competition load with training stress and recovery, which is of great importance in
protecting against underperformance (Slattery, Wallace, Bentley, & Coutts, 2012) and injury
(Murray, Gabbett, & Chamari, 2014). Quantifying these intensities over a period of time (i.e.
a mesocycle) would highlight in-season variations and allow evaluations of competitive
external load to be made. As limited information exists in relation to in-season variations in
elite soccer players, the purpose of this study is to investigate in-season variations in
competitive external load over mesocycle periods (e.g. blocks of 4 weeks). Additionally, inseason variations in maximal mean and critical speed and Pmet will be described for the first
time.
6.3
6.3.1

Methods

Experimental Approach to the Problem

An elite soccer team was analysed using GPS over a full season in the Australian A-League
(October 2017 – April 2018) competition (27 A-League rounds and 1 final series match). The
28 match rounds were put into seven different mesocycle blocks (i.e. 4–week blocks). This
resulted in a total of 448 individual GPS samples collected of match data. From this data,
maximal mean speed (MMS), maximal mean metabolic power (MMPmet), critical speed (CS)
and critical power (CPmet) calculations were made and then compared between seven
mesocycles (M1-M7)
6.3.2

Participants

Twenty four (n=24) elite male soccer players (age, 26.2 ± 5.3 y; body mass, 76.2 ± 4.8 kg)
from one A-League soccer team (representing elite Australian soccer) volunteered to
participate during their 2017-2018 competitive season. All participants had a minimum of 10
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years of playing experience. Goalkeepers were not included in the study. Before data
collection, the participants provided written informed consent and medical declarations were
obtained. Between matches, players typically completed three on-field training sessions and
one gym-based session. Ethical approval for the study was granted by the University’s Human
Research Ethics Committee (ID14821).
6.3.3

Procedures

Displacement and velocity data during A-League matches were captured using 15-Hz GPS
devices (SPI HPU GPSports Systems, Canberra, Australia). These devices record positional
data at 5 Hz, and this is then supplemented by accelerometer data to record interpolated position
at 15 Hz. GPS technology has previously been shown to be effective at providing acceptably
valid and reliable information to describe locomotor activity (Barr et al., 2019). Each player
wore the same device throughout the season to minimise the effect of inter-unit error. The
devices were turned on and placed in customised vests before being fitted to each player, with
the unit positioned in the centre of the upper back area slightly superior to the scapulae apexes
prior to the warm-up. This allowed data collection to begin at least 15 min before the
commencement of each match (Kempton et al., 2013). All participants had previously been
familiarised with GPS units during training and matches. During games analysed through the
A-League season the team won 10, drew 2 and lost 15 games. A-League matches took place
between 1400 and 2020 hours local time.
6.3.4

Data Analysis

At the end of each match, GPS data were downloaded to Team AMS proprietary software (R1
2017.1, GPSports Systems, Canberra, Australia). Team AMS software manages and analyses
session data collected from GPS unit to provide instantaneous position and velocity outputs at
0.2-s intervals after applying a smoothing algorithm to velocity data. Each match data file was
then split into first and second half periods of play (stoppages during each half were included)
and exported to Microsoft Excel (2013, Microsoft, USA), where first and second half data files
were combined. This created individual performance profiles for each competitive game,
providing classification of distance covered through total distance (m), metres per minute
(m·min-1), distance covered at >5.5 m·s-1 (i.e. high-speed running distance; HSR) and distance
covered at >7 m·s-1 (i.e. sprint-speed running distance; SSR). Additionally, rolling averages
were calculated across six specific durations (1, 5, 10, 60, 300, 600 s) for each player, with a
maximum value for each specific duration recorded in speed (maximal mean speed; MMS;
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m·s-1) and metabolic power (maximal mean metabolic power; MMPmet; W·kg-1). Metabolic
power was calculated using equations previously outlined (di Prampero et al., 2005).
The rolling averages created a hyperbolic relationship between running speed, Pmet and time
which was then converted into a regression equation using a linear model for speed:
RS = S’ · (1/t) + CS
where RS = running speed (m·s−1), S’ = speed, t = time (s) and CS = critical speed (m·s−1), and
power:
P = Pmet’ · (1/t) + CPmet
where P = power output (W), Pmet’ = metabolic power, t = time (s) and CPmet = critical
metabolic power (W·kg−1). CS and CPmet values calculated during competition were compared
to critical values derived from field test sessions using a linear distance-time model represented
by:
d = (CS · t) + D’
where d = distance run, t = running time and D’ = distance. This model was also used for the
determination of CPmet during the field tests:
d = (CPmet · t) + D’

6.3.5

Statistical Analysis

Statistical analysis was conducted using the SPSS statistical software package (IBM SPSS
Statistics, Rel. 23.0, SPSS Inc. Chicago, USA). Results are presented as mean ± standard
deviation (SD). A one-way analysis of variance (ANOVA) was used to compare differences in
dependent variables across various periods of the mesocycle and playing positions. In the event
of differences occurring, Fisher’s least significant differences post hoc test were used to
identify any localised effects. Statistical significance was set at P<0.05. Magnitudes of
difference were determined using Cohen’s effect size (d). Effect sizes (d) were classified as
trivial (<0.2), small (0.2 to 0.6), moderate (0.6 to 1.2), large (1.2 to 2.0) or very large (>2.0)
(Batterham & Hopkins, 2006).
6.4

Results

Absolute player displacements through seven mesocycles (M1-7) of A-League competition are
presented in Table 6.1. For total distance, the least total distance was covered in M4 for all
positions. Centre backs achieved greater total distance in M2 (P=0.030; ES: -1.80) and M3
(P=0.028; ES: -0.16) compared to M4. Fullbacks achieved greater total distance in M1
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(P=0.021; ES: -1.48) and M7 (P=0.004; ES: 1.87) compared to M4, and when comparing M2
with M7 (P=0.001; ES: 1.46). Both central midfielders (P=0.001; ES: 2.07) and wide
midfielders (P=0.037; ES: 0.89) reported lower total distance in M4 when compared to M7.
Strikers reported lower total distance in M4 when compared to M5 (P=0.002; ES: 2.20) and
M7 (P=0.049; ES: 1.15). For high-speed running distance, only centre backs and fullbacks
reported significantly different between mesocycles. Firstly, M1 was reported lower than M2
(P=0.023; ES: 1.14) and M3 (P=0.048; ES: 0.64) in centre backs and secondly, M2 was greater
than M6 (P=0.001; ES: -0.70) in fullbacks. Fullbacks reported greater sprint-speed running
distance in M5 and M2 when comparted to M1 (P=0.047; ES: 1.10) and M6 (P=0.0.030; ES: 0.66) respectively. Strikers reported greater sprint-speed running distance in M1 compared to
M6 (P=0.033; ES: -1.03). Within high metabolic load analyses, M2 was greater than M1
(P=0.001; ES: 1.58), M3 (P=0.039; ES: 0.19), M4 (P=0.017; ES: -0.65) and M5 (P=0.023; ES:
-0.41) for centre backs, while fullbacks reported lower distance in M4 compared to M7
(P=0.012; ES: 1.12).
Differences in MMS and CS for seven mesocycles (M1-7) are presented in Figures 6.1 and 6.3
respectively. For MMS and CS variables, values varied between mesocycles throughout the
season. There was no consistent change in MMS and CS variables throughout the season.
During MMS60 (see Figure 6.1D), wide midfielders reported greater values in both M5
(P=0.002; ES: 0.29) and M7 (P=0.020; ES: 1.26) when compared to M1, while M1 was greater
than M6 (P=0.001; ES: -2.00). Additionally, wide midfielders reported both M2 (P=0.017; ES:
2.29) and M4 (P=0.017; ES: 2.29) as lower than M7, while M5 was greater than M3 (P=0.032;
ES: 0.11) and M6 (P=0.001; ES: -2.44). Estimates of CS (see Figure 6.3A) in wide midfielders
reported lower values in M1 and M2 when compared to M7 (P=0.021; ES: 1.10) and M3
(P=0.032; ES: -0.19) respectively, while strikers reported greater values in M4 when compared
to M7 (P=0.011; ES: 1.27).
Differences in MMPmet and CPmet between mesocycles (M1-7) are shown in Figures 6.2 and
6.3 respectively. MMPmet and CPmet values varied between mesocycles. There was no
consistent changes in MMPmet or CPmet variables throughout the season. During MMPmet1, M3
was greater than M6 for centre backs (P=0.030; ES: -0.14) and full backs (P=0.049; ES: -0.14).
Additionally, central midfielders reported lower MMPmet1 values in M1 (P=0.043; ES: -0.14)
and M2 (P=0.026; ES: -0.14) when compared to M5, and greater values in M4 compared to
M6 (P=0.028; ES: -0.14), and M3 (P=0.017; ES: -0.14) and M4 (P=0.013; ES: -0.14) compared
to M7. Estimates of CPmet (see Figure 6.3B) in centre backs were greater in M2 than M6
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(P=0.037; ES: -0.99), in fullbacks greater in M2 than M4 (P=0.021; ES: -1.31), in central
midfielders lower in M2 than M7 (P=0.015; ES: 3.01), and in wide midfielders lower in M6
than M7 (P=0.042; ES: 1.03).
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Table 6.1. Mean (±SD) for total distance, high-speed running (>5.5 m·s-1) distance, sprint-speed running (>7 m·s-1) distance and high metabolic
load (≥20 W·kg-1) distance for all playing positions during seven mesocycles over a single A-League season.
Variable
Total
distance (m)

Position
CB
FB
CM
WM
ST

Mesocycle 1
10301.6±848.6
10798.0±617.3d
115332.9±973.6
11065.0±642.8
10887.3±632.3

Mesocycle 2
10352.8±619.9d
10420.7±454.0g
11069.6±661.5
10907.4±338.5
10612.0±655.3

Mesocycle 3
10253.6±496.6d
10662.2±741.4
11581.6±734.2
11249.5±888.9
10519.3±538.7

Mesocycle 4
9698.1±463.8bc
10008.5±638.6ag
10779.6±919.0g
10497.0±1052.1g
10337.0±279.2eg

Mesocycle 5
9890.4±694.9
10256.6±744.2
11640.9±489.9
11127.3±607.5
10927.0±358.1d

Mesocycle 6
10276.2±438.2
10426.2±792.7
11455.0±322.4
11096.1±530.5
10427.3±259.4

Mesocycle 7
10253.4±640.2
11097.1±606.0bd
11833.0±171.5d
11264.4±804.5d
10657.3±403.7d

High-speed
running
distance (m)

CB
FB
CM
WM
ST

436.2±130.5bc
798.8±233.6
587.6±252.1
729.5±276.8
931.1±128.8

646.9±272.3a
909.7±242.7f
444.8±99.9
858.8±143.1
835.9±191.5

577.8±134.7a
833.1±280.9
481.4±157.3
785.1±292.3
770.9±147.5

541.4±203.2
743.5±275.9
409.9±187.2
814.8±347.6
797.5±148.9

474.1±125.3
814.0±233.0
447.8±125.2
858.6±147.0
799.8±175.2

456.1±86.0
745.5±274.3b
564.0±140.0
810.8±255.8
781.2±176.1

486.3±102.1
854.9±306.2
460.8±118.3
924.8±293.5
803.4±139.2

87.4±60.2
186.5±70.9e
80.1±84.1
126.5±90.0
260.5±59.2f

122.5±75.9
232.2±136.7f
55.4±37.0
178.9±75.5
219.3±104.4

101.4±64.1
172.0±105.4
54.1±35.5
134.3±53.1
161.5±76.0

101.7±73.4
187.6±94.7
56.4±44.8
146.1±101.3
205.6±62.6

90.7±62.0
226.0±108.2a
73.4±56.0
142.4±68.0
184.6±74.9

93.5±57.4
160.8±109.7b
99.0.8±70.7
156.3±110.0
164.3±52.8a

71.8±29.4
195.7±93.6
53.7±33.9
143.4±80.3
204.6±80.2

Sprint-speed CB
FB
running
distance (m) CM
WM
ST

CB
2413.9±402.6b
2844.0±412.3acde 2554.7±299.3b
2180.4±536.4b
FB
3033.2±601.0
3175.5±319.5
3173.2±513.8
2790.5±538.1g
CM
2690.8±255.1
2506.4±648.6
2931.3±677.9
2961.3±554.4
WM
2888.3±522.8
2977.7±339.1
3116.4±1015.5
2823.4±626.8
ST
2967.1±507.0
2870.6±393.7
2630.4±201.8
2683.4±203.1
a
b
c
denotes difference from M1; denotes difference from M2; denotes difference from M3;

High
metabolic
load
distance (m)

2217.4±344.6bf 2635.3±187.4e
2442.0±373.8
2833.9±470.1
2969.2±574.8
3321.8±563.1d
3234.0±406.1
2800.1±303.9
3111.5±60.1
3048.8±435.9
3092.6±442.7
3335.5±488.5
3025.8±242.3
2780.8±379.9
2752.8±324.7
d
e
denotes difference from M4; denotes difference

from M5; f denotes difference from M6; g denotes difference from M7; P<0.05.
CB = centre backs; FB = fullbacks; CM = central midfielders; WM = wide midfielders; ST = strikers.
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Figure 6.1. Maximal mean speed data at 1 (1A), 5 (1B), 10 (1C), 60 (1D), 300 (1E), 600 s (1F) time points of all playing positions through
mesocycles 1-7.
79

Figure 6.2. Maximal mean metabolic power data at 1 (2A), 5 (2B), 10 (2C), 60 (2D), 300 (2E), 600 s (2F) time points of all playing positions
through mesocycles 1-7.
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Figure 6.3. Critical speed (3A) and metabolic power (3B) data of all playing positions
through mesocycles 1-7.
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6.5

Discussion

The purposes of this study were to investigate in-season variations in match play running
demands in elite Australian soccer using a mesocycle structure, and to assess the in-season
variations of GPS-derived maximal mean speed (MMS), maximal mean metabolic power
(MMPmet), critical speed (CS) and critical metabolic power (CPmet) for the first time. The major
findings of the analyses were: i) in-season variations between weeks over time exist in running
demands during match play in elite soccer, and ii) reported in-season variations of GPS-derived
maximal mean and critical analyses indicates that quantifying running capacities across a
season could be beneficial to the practitioner. Determining in-season variations with such
information relative to the individual may help the practitioner decrease injury risk and
optimise performance in team sport athletes.
As match play represents a greater physical demand than training sessions in soccer players
(Impellizzeri, Rampinini, Coutts, Sassi, & Marcora, 2004), match intensities could impact
training outcomes and injury risk (Arcos, Martinez-Santos, Yanci, Mendiguchia, & MendezVillanueva, 2015, Jaspers, Brink, Probst, Frencken, & Helsen, 2017, Manzi et al., 2013). The
present study found that absolute total distance values of match data during M4 (see Table 6.1)
were lowest compared with all other mesocycles in all playing positions. This information may
suggest that some decrements in match play physical performance were apparent. While
speculative, the reductions in match data during M4 could be due to match tactics, the
opposition played during this mesocycle, fatigue or fitness. Or, the greater absolute total
distances achieved in the subsequent mesocycles (i.e. M5-7) may suggest that the practitioner
has evaluated the decline in total distance load during M4, and as a result has potentially altered
training stress and recovery strategies to optimise subsequent match performances.
Study 3 has suggested that maximal mean analyses classify an individual’s peak capacity to
perform running-based tasks during specific time windows during match play. If these peak
running capacities vary over the course of a competitive season, significant decreases may
suggest decrements in physical performance. Or alternatively, significant increases may inform
the practitioner that the athlete has been exposed to extensive match running intensities and
may require modifications to subsequent training stress in preparation for matches within the
current or following mesocycle. An example of such an increment in intensity is demonstrated
by strikers during MMPmet1 in M2 (see Figure 6.2A), as MMPmet1 increased from 107.5 W·kg1

in M1 to 134.5 W·kg-1 in M2 (ES: 7.30). As physiological responses are likely to differ
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between the demands of acceleration and high-speed, this would suggest that it would be
favourable to quantify peak intensities in both running demands (i.e. MMS and MMPmet)
(Duthie et al., 2018). In doing so, practitioners can also quantify the peak running intensity
exposures of players during competition and can therefore prescribe either speed- or
acceleration-based running intensities during training (Duthie et al., 2018).
Reduction in CS intensity, particularly between subsequent mesocycles, may suggest the need
to evaluate and modify training stimuli between matches to ensure optimal performance
(Moreira et al., 2015). Further analysis of the magnitudes of differences (i.e. effect sizes) in CS
and CPmet between mesocycles suggested that in-season variations exist. For example, strikers
reported moderate differences in M1 and M2 in CS (ES: -1.11) and in CPmet (ES: -1.16). Indeed,
such reductions in GPS-derived CS and CPmet values between various phases of competition
may indicate a change in the intensity that results in steady or non-steady state responses. In
fact, a soccer player who experiences decreases in CS or CPmet may be exposed to a greater
physiological demand as non-steady state responses would be experienced at reduced
intensities. For example, if match intensities above CS and CPmet elicit significant
neuromuscular fatigue, then reductions in match CS and CPmet could suggest that there would
be a decrease in the tolerance for the physiological demands of match play and therefore,
potentially result in an earlier onset of fatigue (Jones & Vanhatalo, 2017). Alternatively,
increases in GPS-derived CS and CPmet would suggest a greater tolerance to the onset of fatigue
(i.e. non-steady state responses) (Jones & Vanhatalo, 2017). This would be of particular use to
the practitioner who could additionally assess the classification of match intensities (i.e. CS or
CPmet) as a tool to evaluate training interventions through the pre-season phase of competition,
or in the assessment of a soccer player returning from injury during the competitive phase
(Jones & Vanhatalo, 2017).
While extensive research in the sport of cycling has demonstrated that calculation of the point
of critical power can be used to set exercise training intensities, e.g. exercise below critical
power may be used in ‘recovery’ sessions (Chidnok et al., 2012, Chidnok et al., 2013a, Chidnok
et al., 2013b), and that this can be determined from competition data (Quod et al., 2010), the
development of GPS-derived CS and CPmet may now make this possible also in team sports.
For example, Chidnok et al., (2013a) found that setting exercise intensity below critical power
during a recovery period allowed muscle phosphocreatine to return to 96% of baseline values
in ~39 s after exhaustive severe-intensity exercise. As such, it was concluded that critical power
represents an important intramuscular metabolic threshold that dictates that accumulation of
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fatigue-related metabolites, and the capacity to tolerate high-intensity exercise. If applicable to
estimates of GPS-derived CS and CPmet, this information may provide the practitioner with a
relative exercise intensity below which may allow recovery and above which might prompt
fatigue and thus provide a strong adaptive stimulus. If recovery between closely-spaced
matches is a primary goal for the practitioner, estimates of GPS-derived CS and CPmet might
provide an exercise intensity below which the majority of training exercises can be performed.
Importantly, the high volume of matches completed over a season reduces the opportunity for
practitioners to assess physiological indices of aerobic and anaerobic fitness. In fact, the
exhaustive nature of determining critical values (i.e. lab- and field-based testing) makes the
application of the critical power concept within team sports highly impractical. The
development of GPS-derived CS and CPmet calculation methods makes it a practical tool within
a team sport setting, as monitoring such estimates of intensity allows in-season variations of
whole-match intensities to be set according to the requirements for high- and low-intensity
work to be completed. If the purpose of player monitoring is to optimise performance and
minimise injury risk, then the present study suggests that the use of match data to quantify
GPS-derived CS and CPmet to monitor in-season variations and determine sustainable and
unsustainable exercise intensities could be of great benefit to the practitioner.
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CHAPTER SEVEN
SUMMARY AND CONCLUSIONS
7.1

Summary

The use of player-tracking devices (i.e. GPS) is widely adopted in soccer as a means of
determining the physical demands of competition (and training). Advances in technology have
led to significant improvements in the reliability and accuracy of GPS devices, making them
more sensitive to the variable changes in speed and direction which characterise the movement
demands associated with soccer (Akenhead, French, Thompson, & Hayes, 2014).
Subsequently, these advances have increased team sport research data output where
displacement measures (distances and speed) are typically described within arbitrary bands and
subsequently used to describe the physical demands of competition (Burgess et al., 2006,
Vigne, Gaudino, Rogowski, Alloatti, & Hautier, 2010), compare physical demands between
player groups or conditions (Di Salvo et al., 2007, Duthie et al., 2018), and assess the effects
of various interventions (Edholm, Krustrup, & Randers, 2015). However, an inherent
assumption, that total distance and average speed are indicative of the amount of and rate of
work done, respectively, exists within the literature.
As movement patterns associated with soccer are seldom performed at constant speed, the
reliance on displacement measures alone to report match demands underestimates the actual
work load. While there is a direct relationship between distance covered and energy expended,
whereby the energy required to cover a distance is independent of the speed at which it is
accomplished (Harris et al., 2003), displacement measures alone do not reflect the fact that
variations in speed occur. Furthermore, the energy cost of accelerated running is substantially
greater than constant speed running at the same average speed (di Prampero et al., 2005), whilst
frequent changes in direction, orientation, gait and posture all incur extra energy costs above
that required for forward straight-line, constant-speed running (Buglione & di Prampero, 2013,
Menier & Pugh, 1968, Williford, Olson, Gauger, Duey, & Blessing, 1998). The ability to
measure the incidence and magnitude of accelerations and then estimate the energetic cost (or,
at probably more importantly, the potential effects on fatigue), in which the cost of changing
speed is accounted for to produce estimates of instantaneous Pmet during variable speed
locomotion, would provide a more comprehensive description of the movement demands of
soccer match play.

85

The physiological demands associated with soccer are commonly categorised by speed or
acceleration bands, which report the distance covered and/or time spent within the respective
band (Burgess et al., 2006). Demarcation of these bands is typically arbitrary and are therefore
generic bands, rather than athlete-specific bands, are usually used (Abt & Lovell, 2009). This
is problematic in a team sport environment given that players each have different running speed
capabilities. The ability to determine individual responses to match play would therefore,
provide the practitioner with a more complete assessment of the individual.
As the critical power concept demarcates exercise intensities between steady-state and nonsteady state (Jones & Vanhatalo, 2017), its application to soccer offers an alternative approach
to profiling individual responses to the physical demands associated with match play. The
ability to quantify both displacement and energetic measures (in which the energy cost of
changing speed is accounted for) provides the opportunity to investigate at what speed and Pmet
intensities steady-state (or non-steady) responses may occur. Therefore, the purpose of the
series of studies presented throughout this doctoral thesis was to evaluate these alternative
approaches and determine whether they provide a more comprehensive and appropriate tool
for the quantification and classification of movement intensity relative to the individual.
In the first study (Chapter 3), the variability of external loads was examined during competition
across various match data sets. Overall, greater consistency indicated by good to moderate
variability was found in a minimum of four matches. Measures of the average maximal speed
and Pmet of specific durations (i.e. MMS and MMPmet) produced less variability than absolute
high-speed distance measures. This suggests that the use of arbitrary high-speed and sprintspeed bands as an indicator of performance is less reliable in comparison. Indeed, the good-tomoderate reliability of MMPmet variables suggests that these measures of intensity might be
sensitive to the frequent changes in speed during match play, and are a quantifiable and suitable
measurement of external load. Overall, the variability of MMS and MMPmet found in Study 1
suggests that maximal mean analyses could suitably quantify match running performance. The
reduced variability found by using at least four matches for maximal mean measures, suggests
that a minimum of four match data sets should be used to make between-match comparisons.
Subsequently, in the second study (Chapter 4), the validity and reliability (comparing measures
between four match data sets) of MMS, MMPmet, CS and CPmet was assessed. CS and CPmet
were tested for validity in two separate protocols; a straight-line running CS field test and a
shuttle-running CS field test. GPS-derived estimates of CS and CPmet during match play were
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validated to values obtained in the shuttle-running CS field test only. This highlights the
shortcomings of not replicating the movement demands associated with match play during
testing, as straight-line running tests ignore the frequent changes in speed and direction that
occur in soccer. Consistent with the findings from Study 1, MMS and MMPmet were found to
be reproducible measures of maximal intensities during match play and further indicate that
maximal mean analyses provide a reliable alternative to assessing match demands. In addition,
the reliable (and valid) estimates of CS and CPmet adequately quantified intensities associated
with steady-state responses and, therefore, allows practitioners to quantify individual responses
to match play.
Following on from the findings in Study Two (Chapter 4), Study Three (Chapter 5)
distinguished the differences in external loads between elite and sub-elite populations, and
playing positions. A major finding of this study was that elite players performed longer duration
efforts at greater running intensities, when compared with sub-elite players. Initial differences
in running intensities were suggested in the analysis of high-speed displacement measures,
because elite players accumulated a greater distance of high speed running even though subelite players ran for greater total distances. This finding was later confirmed through maximal
mean analyses, as elite players produced greater MMS and MMPmet values, particularly when
data were analysed over smaller time windows within a match (i.e. 1 and 5 s). Centre backs
were identified as the least energy demanding playing position, and were the only players to
show significantly different GPS-derived estimates of CS and CPmet between elite and sub-elite
cohorts. Estimates of CS in centre backs were significantly lower to all other playing positions
in both competitions, while CPmet of centre backs were found to be lower to full backs, wide
midfielders and strikers in elite soccer, and full backs and wide midfielders in sub-elite soccer.
Therefore, GPS-derived estimates of CS and CPmet can be used to identify differences in the
classifications of the boundary of physiological responses between positions. These findings
emphasise the importance of understanding both positional and individual physiological
demands.
The final study of this thesis (Chapter 6) assessed in-season variations of external loads using
a mesocycle structure. Results from Study 1 indicated that four data sets would provide reliable
comparisons of match data and, therefore, suggests that comparison of monthly blocks (i.e. 4
matches) of physiological and movement demands data can be made. This study identified
some variations when comparing between various mesocycles, including reported total
distance values were lowest for all playing positions in M4. The magnitude of reported
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differences in MMS and MMPmet data suggests that maximal mean analyses are sensitive to inseason change and would be a useful tool to identify variations of maximal intensities of speed
and Pmet for individual players. The validation of GPS-derived estimates of CS and CPmet
reported in Study Two suggested that there were few variations in the intensities at which
steady-state responses occurred during the season. This would be of particular interest to the
practitioner, as the ability to quantify and monitor potential variations of the intensity at which
steady and non-steady state responses occur during match play allows physiological indices of
aerobic and anaerobic fitness to be determined during a match rather than for additional, intraining, testing to be completed.
7.2

Conclusions

Overall, the collective outcomes of the four studies conducted in this thesis provide strong
evidence that the traditional displacement approach of quantifying external loads is insensitive
to both the physiological demands associated with the frequent changes in speed, and to
individual maximal intensities and physiological responses associated with match play. By
considering the interaction between speed and acceleration, energetic demands provide a more
appropriate measure to quantify and classify intensity in soccer. Furthermore, the ability to
quantify maximal intensities and demarcate the intensity at which steady and non-steady state
responses occur, allows practitioners to determine the match intensity at which physiological
responses occur. This also allows training to be planned with players performing largely
fatiguing (above CS/CPmet) or non-fatiguing (recovery; below CS/CPmet) work. Accordingly,
the application of MMS, MMPmet, CS and CPmet offers greater sensitivity for estimating
individual match demands in soccer.
7.3

Practical Applications

The findings from this research are readily applicable to the monitoring and quantification of
soccer match demands. The addition of analysing energy cost (i.e. Pmet) to quantify
physiological demands does not require any new or additional data collection. Instead, there is
a simple way in which the displacement data is processed. In fact, rather than isolating each
velocity data point, Pmet considers the magnitude and direction of change from the previous
data point. The energetically costly changes in speed can therefore be incorporated into
estimates of external load. Additionally, the application of symmetric moving average
algorithms to raw data allows the calculation of maximal speed and Pmet values, which can then
be used to determine the hyperbolic relationship between running speed, Pmet and time.
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Converting this relationship into a linear model allows estimates of CS and CPmet to be made,
which reflect the physiological indices of aerobic and anaerobic fitness. These measures,
relative to the individual, are potentially better able to detect high-intensity activity and
transient fatigue and therefore, would be a suitable tool to evaluate the impact of situational
variables on individual physical work capacity in soccer.
7.4

Limitations

Although the results of this thesis have useful applications, the following limitations apply:
•

The findings of these studies are limited to elite and sub-elite soccer players in
Australia, and further examination is needed to determine if the findings are replicable
in other soccer player populations.

•

The same GPS devices (GPSports SPI HPU, 15 Hz) were used in all four studies.
However, recent advances in technology offer higher sampling rates and improved
accuracy that may be more sensitive to fluctuations in speed. As a result, different
instantaneous speed and acceleration values would alter calculations for Pmet.

•

In all studies, player tracking devices were mounted on the upper trunk, which may not
provide a true reflection of movement at the centre of mass of the body, particularly
when skill-based actions are performed that required significant trunk flexion/extension
or rotation.

•

These findings are restricted to locomotor demands only, and do not include vertical,
static and skill-based actions which contribute to energy demands.

•

When the data sets were split according to playing position (Study 3), sample size was
reduced. These analyses required validation in larger samples.
7.5

Directions for Future Research

The novel findings of this thesis provide a foundation for further research to investigate the
individual demands associated with energetics and physiological responses in soccer. Future
research should aim to:
•

Utilise estimates of MMS, MMPmet, CS and CPmet to determine training effects and,
therefore, evaluate the efficacy of a given intervention or training stimulus.
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•

Determine whether typical soccer-specific training drills can elicit valid estimates of
individual intensity and physiological responses to allow these measures to be
monitored during training (as well as competition).

•

Ascertain a relationship between estimates of CS and CPmet and internal load and
determine whether an association exists between these parameters.

•

Utilise GPS devices with higher sampling rates and improved accuracy that may be
more sensitive to fluctuations in speed to assess estimates of MMS, MMPmet, CS and
CPmet.

•

Correlate estimates of maximal intensities and physiological responses with injury
occurrence.

•

Define and develop the finite work capacity (W’) to determine prevailing work capacity
and detect transient fatigue; this may provide physiological rationale for determining
substitutions and recovery practises.

•

Expand this research to various soccer levels (i.e. women, youth, etc.), competitions
(i.e. leagues) to investigate differences in intensities and responses between levels, age,
genders and competitions.
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APPENDICES
APPENDIX A
INFORMATION LETTER TO PARTICIPANTS
Project Title: The application of maximal mean and critical speed and metabolic powers for the
quantification of external load in soccer.
Purpose
The overall purpose of this PhD proposal will be to evaluate the effectiveness of monitoring maximal
mean speed (MMS), maximal mean metabolic power (MMPmet), critical speed (CS), and critical
metabolic power (CPmet) during competition.
Procedures
Wearing a GPS unit throughout all training and match play sessions over the course of the 2016-17 ALeague season.
Risks
There will be no inherent risks involved with this investigation. However, there is the possibility of
muscle pulls or strains associated with training and match play; common to any type of physical activity.
Adequate warm-up procedures will be followed and monitored by competent personnel.
Benefits
The proposed study will be the first to confirm the validity, reliability and the effectiveness of MMS,
MMPmet, CS, and CPmet during competition and thus, provide a basis of individualising match intensities
that will be of benefit to the practitioner.
Confidentiality
Your results will be kept as confidential as is possible by law. All data will be kept in the possession of
the investigators. If the results of the study are published in a scientific journal, your identity will not
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be revealed. Participants will not be referred to by name during research reports or study discussions.
All records will be stored in a locked filing cabinet with restricted access for an undetermined amount
of time. All computer records will be restricted by password.
Contacting the Investigators
We are happy to answer any questions you may have at this time. If you have any queries later, please
do not hesitate to contact Cameron Lord at 0433499694, email clord0@our.ecu.edu.au. If you have any
concerns or complaints about the research project and wish to talk to an independent person, you may
contact:
Research Ethics Officer
Edith Cowan University
270 Joondalup Drive
JOONDALUP WA 6027
Phone: (08) 6304 2170. Email: research.ethics@ecu.edu.au
Approval by the Human Research Ethics Committee
This project is being conducted by Cameron Lord, as part of a Doctor of Philosophy qualification. The
ECU Human Research Ethics Committee will approve this project before commencement.
Feedback
All participants will be provided with test results as soon as they are available. A summary of study
results will be made available to all interested participants upon completion of the trial.
Voluntary Participation
Whether you decide to participate in the study or not, your decision will not prejudice you in any way.
If you do decide to participate, you are free to withdraw your consent and discontinue your involvement
at any time.
Privacy Statement
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The conduct of this research will involve the collection, access and/or use of your identified personal
information. The information collected is confidential and will not be disclosed to third parties without
your consent, except to meet government, legal or other regulatory authority requirements. A deidentified copy of this data may be used for other research purposes. However, your anonymity will at
all times be safeguarded.
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APPENDIX B
INFORMED CONSENT FORM
Project Title: The application of maximal mean and critical speed and metabolic powers for the
quantification of external load in soccer.
I have read the information sheet and the consent form. I agree to participate in the study entitled “The
application of maximal mean and critical speed and metabolic powers for the quantification of
external load in soccer.” and give my consent freely. I understand that the study will be carried out as
described in the information sheet, a copy of which I have retained. I realise that my participation in
this research study is voluntary and whether or not I decide to participate is solely my decision. I also
realise that I can withdraw from the study at any time and that I do not have to give any reasons for
withdrawing. I have had all questions answered to my satisfaction. I agree that research data gathered
for the study may be published provided my name or other identifying information is not disclosed.
Participant:
_____________________ ______________________ ______________________
Name

Signature

Date

Parent or guardian (if participant is under 18 years of age):
_____________________ ______________________ ______________________
Name

Signature

Date

Researcher:
_____________________ ______________________ ______________________
Name

Signature
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